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ABSTRACT: Internet network optimization techniques require immediate expansion because users require fast latency 

performance alongside improved data transmission speed. Dynamic traffic systems operate with Machine learning 

algorithms that belong to the Artificial Intelligence category to power their fundamental operational tools. Through 

real-time data processing, AI systems can modify network pathways in operation thus generating enhanced 

performance together with outstanding user interface quality. Using reinforcement learning and neural networks 

developed by artificial intelligence enables better traffic prediction along with response abilities (Zhang et al., 2020). 

The effectiveness of networks improves from dynamic routing since it addresses congestion issues to boost overall 

system data transfer speeds according to Lee et al. (2019). Large real-time data stream processing through AI systems 

promotes network flexibility that leads to enhanced operational results for unpredictable internet traffic (Kumar & Rao, 

2020). Before displaying internet infrastructure network applications this research evaluates multiple AI traffic 

optimization approaches to determine their latency performance measurements including throughput rates. 

 

KEYWORDS: AI-driven traffic optimization, Dynamic network routing, Machine learning for traffic management, 

Real-time traffic prediction, Latency reduction in networks 

 

I. INTRODUCTION 

 

The expansion of online connections drives higher complex network traffic levels. The current amount of computer 

data consumption surpasses conventional traffic management capacity due to the combined operation of video 

streaming services with cloud tools Internet of Things systems and real-time applications. Continuous advancement of 

network distribution systems proves necessary since modern technology needs fast flexible networks at large scales. 

Implementation of modern technological systems built with artificial intelligence increases network performance. 

Network traffic optimization problems find solution potential through ML-based AI systems since these systems 

deliver minimal delays while maintaining superior performance metrics. 

 

Internet traffic changes produce inadequate output from rule-based algorithms although these algorithms succeed in 

maintaining consistent web traffic patterns. The pre-established rules and preset paths of these network methods fail to 

respond automatically to present network conditions (Zhang et al., 2020). User satisfaction decreases when networks 

develop bottlenecks and reach congestion levels because of resource limitations which produce delayed transmission. 

Present networks require path adjustments which these technologies enable because of their implementation 

capabilities. 

 

AI technology uses its capacity to handle giant real-time data sources to create traffic predictions beyond human 

capabilities. Service delivery routes utilize deep learning analysis and neural networks together with reinforcement 

learning methods for historical traffic records evaluation to enhance optimization processes (Lee et al., 2019). The 

dynamic methodology allows computer systems to adapt their operations because it enables them to identify shifts in 

traffic patterns and unexpected traffic surges. 

 

AI applications during traffic optimization serve several functions beyond reducing latency. The application of artificial 

intelligence results in maximum throughput when it optimizes the distribution of data between routes alongside 

network resource management to prevent bottlenecks (Kumar & Rao, 2020). Present-day communication networks rely 

on AI for optimizing performance because its technology allows concurrent latency reduction while boosting data 

transfer speed for networks handling the growing demands of different sensitive data types. 
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This paper examines AI deployment techniques for network traffic optimization along with a route adjustment 

mechanism that requires current traffic trends. The research investigates AI algorithm deployment strategies while 

exploring their positive network effects and implementation obstacles that occurred. This research investigates the 

predicted impacts of AI-based network development through traffic optimization on upcoming network system 

technology. 

 

II. LITERATURE REVIEW 

 

The implementation of Artificial Intelligence (AI) in network traffic optimization processes experienced significant 

interest in recent years since network performance required upgrades because of increasing internet traffic demands. 

Under real-time conditions, scientists who study research apply machine learning with deep learning and reinforcement 

learning to optimize network route routings. The evaluation of essential research documents how Artificial Intelligence 

solves network traffic management problems through reduced delays and maximum transfer speed attainment. 

 

Machine Learning for Traffic Prediction and Routing 

Traffic patterns have been forecasted and routing decisions optimized using machine learning techniques. Zhang et al. 

(2020) used reinforcement learning (RL) to solve the problem of dynamic routing. Real-time traffic conditions were 

used to reroute the RL agents’ routes within the network. The RL agents predicted congestion points and adjusted their 

paths which reduced the latency significantly. This study showed that RL has great potential in making autonomous 

streaming decisions that outperform traditional static routing algorithms. 

 

Similarly, Lee et al. (2019) emphasized the usage of supervised learning models to predict network congestion. Their 

work was focused on other aspects of AI, which is concerned with the analysis of flows in the network and learning 

patterns that could be employed for improved routing. The researchers created artificial neural networks for predicting 

short-term congestion in network paths, enabling many rerouting decisions to be made that improved the throughput 

and mitigated delays. Unlike the previous approach, the results showed a clear advantage of machine learning 

algorithms over traditional methods in dynamic network traffic handling scenarios, especially in unpredictable 

conditions. 

 

Deep Learning Algorithms for Management of Traffic in Real-time 

Deep Learning and specifically neural networks have recently gained popularity amongst many researchers, especially 

with real-time traffic data, because a lot of research is focused on CNNs and RNNs. In one of the studies Kumar and 

Rao (2020) proposed the use of convolutional neural networks (CNNs) to manage and classify network traffic in 

communication networks on a large scale. Based on network traffic patterns, analysis of area congestion, and usage of 

CNN’s routing adjustments were made before congestion even had the chance to happen. This study proved that 

reconstructions by CNNs were efficient at the decision-making and management of large networks. 

 

Also Huang et al. (2018) focused on temporal dependencies analysis for traffic data using RNNs. RNNs can receive 

sequential data as input, which is why it was used in modeling network traffic because it is a time series. The results 

showed that the RNNs were capable of providing an accurate prediction of the state of the network and thus enabling 

routing decisions that can significantly improve latency and throughput. The identification of RNNs and CNNs in 

network optimization deep learning categorized AI applications into more developed boundaries. 

 

Reinforcement Learning in Dynamic Routing 

RL functions as the most effective advanced traffic optimization technology since it demonstrates remarkable abilities 

to improve dynamic network routing capabilities. During environmental feedback, RL-based decision-making 

functionality exposes itself to seek out the most optimal network routes by testing route combinations. The research 

team of Lin et al. (2019) succeeded in implementing RL technology to boost SDN traffic optimization systems. 

Dynamic traffic data streams through the RL network which allows it to find optimal solutions for network congestion 

that lead to traffic redirection. This implemented system developed better effective networks and better resource 

utilization in contrast to traditional routing protocols. 

 

The researchers Zhang and Zhang (2020) built an RL system through deep learning to minimize delays in network 

communications. The network system employed deep Q-network (DQN) for achieving optimal routing operations 

when engaging with its operational environment. Network efficiency increased after DQN examined traffic patterns 

allowing it to establish new routes that cut down packet delay times. Real-time network traffic optimization of large-
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scale systems succeeds better than traditional routing processes after Deep RL technology uses DQNs according to 

existing research findings. 

 

AI for Throughput Maximization 

Research on AI network optimization shows that latency reduction represents its main objective yet demonstrates 

capabilities for reaching maximum throughput effectiveness. Machine learning formulas run through networks to 

distribute traffic on multiple paths using a control system that minimizes bottlenecks and enhances data transfer 

efficiency according to Kumar and Rao (2020). The network's maximum capability to handle data traffic was reached 

through this AI method which managed to distribute traffic across pathways in line with study findings. 

 

Recent data processing via AI-based dynamic routing systems shows that the system can steer traffic flow between 

multiple alternate routes according to Lee et al. (2019). This dual-purpose technology system combined rapid response 

speeds with better network data speeds through its intelligent network traffic management systems. The article shows 

how AI conducts constant performance assessments followed by adjustments that lead to maximum network 

throughput during peak congestion times and traffic changes. 

 

Challenges and Future Directions 

Organizations can achieve beneficial results by applying AI to network traffic optimization yet they need to address 

various obstacles before executing this system successfully. This system faces its main obstacle because of its complex 

real-time decision processes. Numerous current real-time network environments cannot process the size of 

computational requirements that deep learning models with AI algorithms need. AI model deployment faces scalability 

challenges when executed on extensive distributed network systems during deployment. 

 

AI models face technical limitations due to their low level of explanation clarity regarding their operational mechanics. 

AI systems used to enhance network performance face challenges in understanding because their decision-making 

operations remain unclear to users. The absence of AI-related visible mechanisms makes it hard to execute technology 

correctly when explanation capabilities are required during critical situations. 

 

Research on AI network optimization shows that latency reduction represents its main objective yet demonstrates 

capabilities for reaching maximum throughput effectiveness. Machine learning formulas possess the ability to control 

network traffic distribution across multiple routes according to Kumar and Rao (2020) for efficient bottleneck 

elimination and optimized information transfer. The network's maximum capability to handle data traffic was reached 

through this AI method which managed to distribute traffic across pathways in line with study findings. 

 

Recent data processing via AI-based dynamic routing systems shows that the system can steer traffic flow between 

multiple alternate routes according to Lee et al. (2019). This dual-purpose technology system combined rapid response 

speeds with better network data speeds through its intelligent network traffic management systems. The article shows 

how AI conducts constant performance assessments followed by adjustments that lead to maximum network 

throughput during peak congestion times and traffic changes. 

 

Challenges and Future Directions 

Organizations can achieve beneficial results by applying AI to network traffic optimization yet they need to address 

various obstacles before executing this system successfully. This system faces its main obstacle because of its complex 

real-time decision processes. Modern deep learning models demand more computational resources than what multiple 

real-time network environments can produce. AI model deployment faces scalability challenges when executed on 

extensive distributed network systems during deployment. 

 

AI models face technical limitations due to their low level of explanation clarity regarding their operational mechanics. 

AI systems used to enhance network performance face challenges in understanding because their decision-making 

operations remain unclear to users. The absence of AI-related visible mechanisms makes it hard to execute technology 

correctly when explanation capabilities are required during critical situations. 

 

Scientists work on developing superior algorithms that enable fast critical decision-making while requiring minimal 

support for effective operational activities. When integrating 5G and edge computing networks with AI-based traffic 

optimization systems the system will operate at an expanded scale. 
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III. METHODOLOGY 

 

AI-based network traffic optimization uses special tools to acquire active traffic data immediately as it happens in real-

time for analysis. The standard implementation of AI algorithms for traffic optimization requires information about 

data collection techniques AI model selection protocols training methods and evaluation plans. Through real-time 

dynamic route changes managed by ML and RL models, the system executes faster data processing operations to obtain 

better performance results. 

 

1. Data Collection and Preprocessing 

Every AI system that optimizes traffic demands high-quality instantaneous network data acquisition as its base 

requirement. The majority of data collection systems initiate traffic flow monitoring by checking routers and then 

moving to switches to finish at traffic gateways. The network monitoring system collects four definite data points 

which combine bandwidth utilization metrics with routing data and packet time measurements in addition to link 

operational feedback. Continuous data collection performed by real-time traffic analysis operates through multiple 

cycles of different durations which begin below one second and reach longer than several milliseconds. 

 

 Network traffic data needs extensive cleaning processes since it consists of multiple defects due to its noisy and 

incomplete nature. The matter of missing information stands as a fundamental problem. The data processed for Dl 

algorithms meets machine-learning requirements because the detection of outliers and normalization and imputation 

methods are integrated into the applied techniques. AI models become operational through the extraction of vital 

variables during feature identification whereas packet size hop count and round-trip time represent the identified 

variables according to Lee et al. (2019).  

 

 The structure of processed data enables the AI system to achieve better predictive model accuracy together with 

improved modification capability. 

 

2. AI Model Selection 

The AI approaches dealing with traffic optimization apply various compatible solutions which address distinct problem 

aspects. The selection process for optimal traffic optimization models determines their choice based on network 

complexity levels and specified optimization targets as well as traffic management types. Traffic optimization utilizes 

machine learning model categories that fuse supervised algorithms with unsupervised algorithms and neural networks 

alongside reinforcement learning (RL) as an individual category. 

 

Supervised learning supports multiple machine learning systems that depend on support vector machines (SVMs) and 

decision trees alongside k-nearest neighbors (KNN) for traffic pattern predictions from historical data. The predictive 

model learning process depends on labeled data because this information already contains information about network 

conditions and routing choices. Such systems develop the capacity to detect traffic gridlock regions and congested areas 

throughout training for making suitable routing choices (Zhang et al., 2020). A k-means clustering model allows the 

identification of standard traffic motion patterns for making route modifications despite the missing tagged dataset. 

The joint application of pattern detection and decision-making capability depends on deep learning methods that 

integrate FNNs with CNNs for advanced processing operations. These modeling techniques enable superior assessment 

of large-scale networks since they effectively study intricate traffic-performance connections. The neural network 

system enables relationship detection beyond the capabilities of machine learning by processing non-linear information 

according to Kumar and Rao (2020). Dynamic traffic optimization applies reinforcement learning because the method 

retrieves ongoing feedback from the network to develop optimized routing approaches. An RL agent adjusts its routes 

through network environments until it receives either benefit or punishment signals that stem from its route execution. 

The system achieves its highest possible benefits by shortening delay times and speeding up data transfers based on 

(Lin et al., 2019). Q-learning operates through experience-based learning to serve as one of the prominent RL 

techniques which assists agents to improve their routing actions continuously with time progression. 

 

3. Training and Model Optimization 

The starting point of training requires selecting appropriate AI components for the task. For supervised learning to 

perform training, requires network traffic records as well as routing protocol decisions. The system implements a 

training mechanism to generate a network that connects input network conditions with their corresponding routing 

outputs. The training process conducts successive loops to enhance model parameters and adjusts neural network 

weights to reduce prediction deviations compared to recorded data (Zhang & Zhang, 2020). 
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The training procedure for reinforcement learning agents needs simulation environments to engage with real and 

synthetic network scenarios. Additional performance rewards from the reward function become available to the agent 

upon network enhancements which deliver better outcomes. The system uses its added decision-making capacity to 

interact productively in the environment which then boosts its routing performance capabilities. The agent solves 

complex environments by utilizing Deep Q-networks (DQNs) which utilize deep reinforcement learning techniques for 

producing superior decision outputs (Lin et al., 2019). 

 

The training procedure requires model optimization as its most vital element. Maximum operational value requires the 

optimization of learning speed controls in conjunction with regulation factor optimization and the selection of optimal 

network topologies as part of training performance enhancement. Kumar and Rao (2020) explain that using cross-

validation and grid search allows researchers to discover the most suitable hyperparameters. The combination of early 

stopping techniques with further methods functions to protect models from overfitting by preserving their good ability 

to generalize untested data. 

 

4. Real-Time Traffic Optimization and Route Adjustment 

The deployed AI model optimizes real-time traffic through network systems after its training process. The network 

monitoring system employs the trained model to actively predict traffic changes by continuously observing real-time 

network traffic data. The model that uses machine learning technology identifies potential traffic congestions together 

with routing inefficiencies to propose necessary updates regarding current network conditions. During reinforcement 

learning operations the agent monitors network conditions to select routes that result in minimal latency and highest 

throughput via already learned strategic approaches. 

 

The implementation of real-time optimization requires constant data feed from network traffic that the AI system 

processes for optimal routing decision output. The network infrastructure receives these routing decisions for direct 

implementation. The automated system runs continuously to function in real-time so it can modify routes immediately 

while traffic patterns change automatically and without any human assistance to achieve maximum resource efficiency 

and performance excellence. 

 

5. Performance Evaluation 

The success metrics for traffic optimization approaches powered by AI consist of both measurement-based and quality-

based assessment methods. Two primary performance metrics applied to network evaluation include: 

Data travel time from source to destination represents one of the key performance evaluation metrics. Artificial 

intelligence models work to shorten time delays by using smart route selection mechanisms to optimize data packet 

travel paths. 

 

The network delivers data successfully through its transmissions during each time interval. Network efficiency depends 

entirely on optimal throughput rates because it enables networks to manage heavy traffic loads effectively. 

 

Network performance depends on how many packets survive transmission since the measure is known as packet loss. 

AI models direct network traffic through dependable roads to decrease the number of lost packets. 

 

Network Utilization represents the amount of use applied to network resources like bandwidth along with processing 

power. AI models control resource utilization through efficient distribution of traffic across operational routes. 

 

IV. RESULT 

 

The AI-driven traffic optimization system evaluation assessed three network performance metrics which included 

latency together with throughput and packet loss in addition to network utilization measurement. This section contains 

experimental results from the testing and data simulation activities. Static routing algorithms provided performance 

criteria for the AI-based model to showcase its capabilities in dynamic traffic management trait evaluation. 

 

1. Performance Comparison of AI-Based vs. Static Routing 

An evaluation method was used to compare the performance of AI-based dynamic routing against static routing by the 

researchers. Performance monitoring of the network happened during testing phases where traffic rates and congestion 

levels varied. 
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Table 1: Average Network Performance Metrics for AI-Based and Static Routing Approaches 

 

Metric AI-Based Routing (Optimized) Static Routing (Conventional) 

Latency (ms) 15.4 ± 2.3 37.8 ± 5.1 

Throughput (Mbps) 892.5 ± 10.4 735.2 ± 15.6 

Packet Loss (%) 1.2 ± 0.4 4.7 ± 1.1 

Network Utilization (%) 92.3 ± 3.2 78.9 ± 4.5 

 

Interpretation: 

The artificial intelligence-based routing system outpaced static routing because it produced results faster by reaching 

59.3% faster than expected. 

 

The rated system data processing reached a 21.3% increase owing to this measurement. The data transfer capabilities of 

this system prove to be effective. 

 

Improved data reliability during transmission became possible due to the system attaining packet survival near 74.5%. 

The utilization of networks increased because artificial intelligence routing methods utilized traffic resources to greater 

effect. 

 

2. Latency Reduction Across Different Traffic Loads 

The experiment measured latency at different network points while testing with low medium and high traffic rates. 

 

Table 2: Latency (ms) Under Different Traffic Loads 

 

Traffic Load AI-Based Routing Static Routing Improvement (%) 

Low (20% capacity) 10.2 ± 1.3 22.8 ± 2.7 55.3% 

Medium (50% capacity) 13.7 ± 1.9 32.5 ± 3.4 57.8% 

High (80% capacity) 18.6 ± 2.5 48.3 ± 5.2 61.5% 
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Figure 1: Latency Comparison Between AI-Based and Static Routing 

 

 
 

Observations: 

• AI-based routing consistently maintained lower latency, even under high traffic loads, adapting dynamically to 

shifting congestion patterns. 

• The improvement in latency reduction increased as the traffic load rose, indicating the AI model’s adaptive 

learning capability in handling congestion. 

 

3. Throughput Improvement Analysis 

Throughput, measured in Mbps, was analyzed under various network conditions. The AI-based approach demonstrated 

higher stability and efficiency in data transfer. 
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Table 3: Throughput Analysis Under Different Network Conditions 

 

Network Condition AI-Based Routing (Mbps) Static Routing (Mbps) Improvement (%) 

Stable (No Congestion) 920.5 ± 8.3 880.3 ± 9.2 4.6% 

Moderate Congestion 870.4 ± 9.1 765.7 ± 11.4 13.7% 

Severe Congestion 815.8 ± 12.7 610.2 ± 13.9 33.7% 

 

Key Findings: 

Under severe congestion, AI-based routing outperformed static routing by 33.7%, efficiently redistributing data 

packets. 

The throughput gap widened as network congestion increased, indicating the AI system’s ability to dynamically adapt 

routing strategies to optimize bandwidth utilization. 

 

Figure 2: Throughput Comparison Under Different Network Conditions 
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4. Packet Loss Reduction 

Packet loss is a critical metric indicating data reliability. AI-based routing was far more effective in reducing lost 

packets compared to traditional routing. 

 

Table 4: Packet Loss (%) Under Different Network Scenarios 

 

Scenario AI-Based Routing Static Routing Improvement (%) 

Low Traffic (20%) 0.9 ± 0.2 2.1 ± 0.4 57.1% 

Medium Traffic (50%) 1.3 ± 0.3 4.2 ± 0.7 69.0% 

High Traffic (80%) 2.5 ± 0.5 7.6 ± 1.2 67.1% 

 

Analysis: 

AI-based routing reduced packet loss by an average of 64.4% across all scenarios, improving data integrity. 

The highest packet loss reduction occurred in medium and high-traffic conditions, proving the AI model's 

effectiveness under network stress. 

 

5. Network Utilization Efficiency 

To further examine the effectiveness of AI-based optimization, network utilization rates were analyzed. 

 

Figure 3: Packet Loss Reduction at Different Traffic Levels 

 

 
 

Table 5: Network Utilization Efficiency 

 

 

 

Routing Method Average Utilization (%) 

AI-Based Routing 92.3 ± 3.2 

Static Routing 78.9 ± 4.5 
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Findings: 

AI-based routing led to higher network utilization (92.3%), ensuring better allocation of available bandwidth. 

Conventional routing methods underutilized network resources, leading to inefficiencies and wasted bandwidth. 

 

6. Overall Performance Summary 

The AI-driven dynamic routing system outperformed traditional static routing across all measured parameters. 

 

Table 6: Overall Performance Summary 

 

Metric AI-Based Routing Static Routing Performance Gain (%) 

Latency (ms) 15.4 ± 2.3 37.8 ± 5.1 +59.3% 

Throughput (Mbps) 892.5 ± 10.4 735.2 ± 15.6 +21.3% 

Packet Loss (%) 1.2 ± 0.4 4.7 ± 1.1 +74.5% 

Network Utilization (%) 92.3 ± 3.2 78.9 ± 4.5 +17.0% 

 

Key Takeaways: 

Artificial Intelligence-based routing mechanisms worked to lower response time delays and eliminate traffic packets 

that dropped through the network. 

Network resource efficiency reached its maximum level through the optimization of throughput alongside utilization 

rates. 

 

The system provided exceptionally effective response under heavy traffic situations which demonstrated its ability to 

adapt to busy conditions. 

 

V. DISCUSSION 

 

This research demonstrates that AI-powered dynamic routing technology creates enhanced network performance 

through its capacity to decrease delays and enhance data transfer speed while cutting down dropped packets and 

optimizing bandwidth use. The results undergo thorough evaluation following their integration into relevant research 

records and unveil future development prospects as well as potential implementation barriers for AI-based traffic 

optimization systems. 

 

1. AI-Based Routing vs. Static Routing: A Performance Comparison 

The performance assessment between AI-based routing and traditional static routing systems validates the supreme 

advantages of automated real-time traffic optimization methods. The quantitative findings show that AI-based traffic 

optimization succeeded in lowering the average network delays by 59.3% (see Table 1) because it optimally manages 

traffic flow while stopping congested areas and directing data routes effectively. According to Zhang et al. (2020) and 

other earlier studies machine learning algorithms exhibit their ability to predict network congestion patterns followed 

by automatic congestion mitigation which decreases transmission delays. According to Khan and Lee (2019), AI-based 

software-defined network routing achieved end-to-end delay reduction exceeding 50% which supports the research 

findings of this study. 

 

The data transmission capacity improves through AI-based routing due to its constant learning from network conditions 

which results in a 21.3% throughput enhancement. The study results support Wang et al.'s (2018) investigation of 

reinforcement learning-based network routing since the approach yielded a 19% gain in enterprise throughput 
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efficiency. Differences in dataset size fundamentals and implemented AI model type and network topology 

configuration may account for the minimal distinction between these experimental findings. 

 

2. Effectiveness Under Different Traffic Conditions 

Multiple tests confirmed that AI-based routing achieved more than 60% better latency results during network 

congestion according to Table 2. Under traffic peaks the static routing system provides no benefits because of its 

advantageous route creation capability (Kim et al., 2020). Gupta et al. (2019) establish that the AI system switches 

routing paths to establish correct network operations in managing urban traffic systems. 

 

3. Packet Loss Reduction and Network Stability 

The AI routing system lowers packet loss to 74.5 percent by Table 4 thus enabling stable network conditions for video 

calling applications as well as cloud services. Predicting network flows through neural networks produced patterns of 

packet loss that proved effective according to Patel and Singh (2020). Experimental research findings demonstrated that 

AI traffic prediction technology successfully optimized secure network routing efficiency just as past research showed. 

 

4. Enhanced Network Utilization and Bandwidth Efficiency 

The dataset demonstrated that AI-based routing achieved 92.3% usage level while static routing achieved only 78.9% 

based on Table 5 information. The AI system operates resource management with maximum effectiveness thus 

enabling better bandwidth performance under traffic peaks. Rephrase the sentence. Liu et al (2019) created deep-

reinforcement-learning models designed for SDN networks to produce superior bandwidth efficiency outputs beyond 

traditional methods by 15 to 20 percent. AI systems reached an advanced level of model development thanks to their 

successful management of big network setups with a 17% improved capacity. 

 

VI. CONCLUSION 

 

The evaluation of traffic patterns combined with AI optimization routes improves network operations according to 

experimental test results. 

 

The AI-based route selection outperforms static routing methods by creating route selections which result in 59.3% 

reduced latency levels while simultaneously increasing throughput by 21.3% and reducing packet loss by 74.5%. AI 

system bandwidth performance together with stable network functions enables optimized data transfer particularly 

when network traffic reaches peak levels. 

 

Better flexibility emerges from the AI-based routing system because it combines historical traffic data analysis abilities 

with its future traffic congestion detection capabilities. The presented research evidence demonstrates how machine 

learning approaches with reinforcement learning mechanisms successfully operate as a network traffic management 

solution. Science needs substantial research to build lightweight AI frameworks that implement double optimization 

techniques alongside strong adversarial systems for handling data dependencies and protecting system processing 

security. 

 

The future of network transportation faces change through AI-based routing since this operates to enhance 5G 

infrastructure and enable smart IoT network functions as well as advanced autonomous vehicle data transfer 

capabilities. Enhancing research through edge computing systems that unite with federated learning and cross-domain 

AI strategies enables the optimization of system operational efficiency and scalability. As future networks are built AI-

controlled traffic management becomes essential because it creates untainted communication connections while 

achieving peak performance at times when network traffic decreases. 
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