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Abstract

The exponential growth of wireless devices and bandwidth-intensive applications has led to
significant congestion and performance degradation in IEEE 802.11 wireless networks.
Traditional congestion control mechanisms often fail to adapt dynamically to highly variable
network conditions, resulting in packet loss, increased latency, and reduced throughput. This
study presents an Artificial Intelligence (Al)-driven framework for congestion mitigation and
performance optimization in IEEE 802.11 wireless communication systems. Leveraging
reinforcement learning (RL) and deep learning (DL) algorithms, the proposed system
dynamically predicts network congestion, allocates resources efficiently, and optimizes
channel access to maximize throughput while minimizing latency and packet collisions.
Extensive simulations demonstrate that the Al-based approach outperforms conventional
methods by providing adaptive, real-time decision-making that enhances network reliability
and Quality of Service (QoS). The results highlight the potential of integrating Al techniques
into wireless communication protocols to address contemporary challenges in high-density
and heterogeneous network environments.

Keywords: Artificial Intelligence (AI), IEEE 802.11 Wireless Networks, Congestion
Mitigation, Performance Optimization, Reinforcement Learning (RL), Deep Learning (DL),
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Communication Systems.

1. Introduction

The rapid proliferation of wireless devices, coupled with the increasing demand for
bandwidth-intensive applications such as video streaming, online gaming, and Internet of
Things (IoT) communications, has placed unprecedented pressure on IEEE 802.11 wireless
networks. Congestion in these networks leads to packet loss, increased latency, reduced
throughput, and overall degradation of network performance, which significantly impacts
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user experience and Quality of Service (QoS). Traditional congestion control mechanisms,
including contention-based and backoff algorithms, are often static and lack the intelligence
to adapt to dynamic network conditions, resulting in suboptimal performance in dense or
heterogeneous environments.

Recent advancements in Artificial Intelligence (AI) offer promising solutions to these
challenges. By leveraging machine learning techniques, particularly reinforcement learning
(RL) and deep learning (DL), wireless networks can now autonomously predict congestion
patterns, make real-time resource allocation decisions, and optimize network parameters to
maximize throughput while minimizing latency and packet collisions. Al-driven approaches
enable proactive congestion management, where the system learns from historical and real-
time network data to continuously adapt to changing conditions, providing a robust and
intelligent solution for next-generation wireless communication systems.

This study focuses on the design and implementation of an Al-driven framework for
congestion mitigation and performance optimization in IEEE 802.11 networks. The proposed
framework aims to enhance network reliability, improve QoS, and ensure efficient spectrum
utilization, particularly in high-density and high-demand scenarios. Through simulation-
based evaluation, the effectiveness of the Al-enabled mechanisms is compared against
traditional approaches, highlighting the potential of Al integration in wireless communication
protocols.

IEEE 802.11 Wireless Networks

IEEE 802.11, commonly known as Wi-Fi, is a set of standards developed by the Institute of
Electrical and Electronics Engineers (IEEE) to enable wireless local area network (WLAN)
communication. These standards define the physical (PHY) and medium access control
(MAC) layers that allow devices to communicate over unlicensed radio frequency bands,
primarily 2.4 GHz and 5 GHz, with recent extensions also utilizing 6 GHz bands.

The TEEE 802.11 standards have evolved over the years to support higher data rates,
improved reliability, and advanced features. Each generation introduced higher throughput,
improved spectral efficiency, and better modulation techniques to accommodate increasing
network demands. IEEE 802.11 employs Carrier Sense Multiple Access with Collision
Avoidance (CSMA/CA) to manage medium access among multiple devices, but this
contention-based method can lead to congestion under high device density.

Advanced standards such as 802.11e introduce QoS mechanisms to prioritize traffic types,
ensuring critical applications like voice and video maintain performance. Despite these
advancements, IEEE 802.11 networks face challenges in dense deployments or high-traffic
scenarios. Congestion occurs due to overlapping channels, high node density, and
uncoordinated transmissions, resulting in packet collisions, increased latency, and reduced
throughput. Traditional congestion management methods, such as backoff algorithms and
static channel assignment, are often insufficient to address dynamic and complex network
conditions.

Received: Aug 14 2025 3659



International Journal of Applied Mathematics
Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Recent research emphasizes the integration of Artificial Intelligence (AI) and machine
learning techniques into IEEE 802.11 networks to overcome these limitations. Al-enabled
mechanisms can predict congestion patterns, optimize channel access, and dynamically adjust
transmission parameters, thereby enhancing network performance, reliability, and user
experience in modern wireless environments.

Performance Optimization

Performance optimization in IEEE 802.11 wireless networks focuses on enhancing key
network metrics such as throughput, latency, packet delivery ratio, and overall Quality of
Service (QoS). The primary objective is to ensure efficient utilization of the wireless
spectrum, reduce network congestion, and provide a seamless user experience even in high-
density or high-traffic scenarios. Proper assignment of channels and frequencies helps reduce
interference between overlapping access points and improves network reliability.

Mechanisms like dynamic rate adaptation adjust the data transmission rate according to
channel conditions to maximize throughput and minimize packet loss. Techniques such as
exponential backoff aim to reduce collisions in medium access but often react slowly in
highly dynamic environments. Standards like IEEE 802.11e enable traffic differentiation,
ensuring that latency-sensitive applications (e.g., voice, video) maintain performance.

These conventional approaches have limitations in modern network environments. Static or
reactive methods may fail under unpredictable traffic loads, dense deployments, and
heterogeneous devices, leading to suboptimal performance. To overcome these challenges,
Al-driven optimization has emerged as a powerful solution. Machine learning algorithms,
including reinforcement learning and deep learning, can proactively predict network
congestion, dynamically allocate resources, and optimize transmission parameters in real
time. This enables intelligent decision-making for load balancing, channel selection, and
collision mitigation.

By integrating Al into performance optimization strategies, IEEE 802.11 networks can
achieve:

J Higher throughput and reduced latency.
. Lower packet loss and improved reliability.
o Efficient spectrum utilization in dense and heterogeneous network conditions.

Al-based performance optimization not only addresses the limitations of traditional methods
but also paves the way for next-generation adaptive and self-optimizing wireless
communication systems.

2. Artificial Intelligence-Driven Congestion Mitigation And Performance
Optimization For Ieee 802.11 Wireless Communication Systems

With the rapid increase in wireless device density and bandwidth-intensive applications,
IEEE 802.11 networks frequently encounter congestion, resulting in packet collisions,
increased latency, and decreased throughput. Traditional congestion control mechanisms,
such as static backoff algorithms and fixed channel allocation, often fail to adapt to the
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dynamic and unpredictable nature of modern wireless environments. To address these
challenges, Artificial Intelligence (AI) offers adaptive and intelligent solutions for both
congestion mitigation and performance optimization.

RL algorithms enable network nodes to learn optimal transmission strategies based on
feedback from the environment, minimizing packet collisions and improving channel
utilization. DL models can predict congestion patterns by analyzing historical and real-time
traffic data, allowing proactive network adjustments. Al models forecast network load and
congestion hotspots, enabling dynamic resource allocation and traffic rerouting before
performance degradation occurs.

Al algorithms can dynamically assign channels to access points to reduce interference and
maximize throughput. Machine learning models adjust parameters like contention window
size, transmission rate, and power control based on network conditions. Al prioritizes
latency-sensitive traffic, ensuring consistent performance for critical applications such as
video conferencing and loT communications.

Benefits of AI-Driven Approaches:

J Significant reduction in packet loss and retransmissions.

. Improved network throughput and reduced latency.

o Enhanced spectrum efficiency and better support for dense, heterogeneous networks.
o Real-time, self-adaptive operation without human intervention.

By integrating Al into IEEE 802.11 networks, congestion can be mitigated proactively, and
network performance can be continuously optimized, offering a robust solution for next-
generation wireless communication systems. This Al-driven framework represents a
paradigm shift from reactive to predictive and adaptive network management, addressing the
limitations of conventional methods in highly dynamic environments.

3. Literature Survey Analysis

The evolution of IEEE 802.11 wireless networks has prompted extensive research into
congestion mitigation and performance optimization. Traditional approaches focused on
MAC-layer protocols, channel assignment, and backoff strategies to handle medium access
contention and interference. For example, studies have examined adaptive backoff algorithms
and QoS-aware scheduling mechanisms to improve throughput and reduce latency in WLAN
environments. While these approaches provide incremental improvements, they often lack the
ability to dynamically adapt to highly variable network conditions or dense deployments.

With the advent of Artificial Intelligence (Al), several researchers have explored machine
learning techniques to address these limitations. Reinforcement learning (RL) has been
widely investigated for its ability to model network behavior as a decision-making process,
allowing nodes to learn optimal strategies for channel access and congestion control. Studies
such as Li et al. (2021) and Zhang et al. (2022) demonstrated that RL-based approaches could
significantly reduce packet collisions and improve throughput in dense Wi-Fi networks.
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Deep learning (DL) models have also been applied to predict traffic patterns and congestion
hotspots. For instance, Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks have been used to analyze historical network traffic data,
enabling proactive resource allocation. These predictive models allow networks to adjust
parameters such as contention window size, transmission rate, and channel selection before
congestion occurs.

Hybrid Al approaches combining RL and DL have gained attention for their ability to
simultaneously optimize multiple performance metrics. Research by Kim et al. (2023)
proposed a deep reinforcement learning framework that dynamically allocates channels and
schedules transmissions in real time, achieving higher throughput and lower latency than
traditional methods. Similarly, Al-based QoS management frameworks have been developed
to prioritize latency-sensitive applications like video streaming and real-time IoT
communications.

Despite these advancements, challenges remain. Most Al-driven methods require extensive
training data and computational resources, making real-time implementation challenging.
Additionally, ensuring fairness among nodes and handling heterogeneous devices in dense
environments remain active research areas. Nevertheless, the integration of Al techniques
into IEEE 802.11 networks shows promising results, indicating that predictive and adaptive
approaches can significantly enhance congestion management and overall network
performance.

4. Existing Approches

Over the years, several approaches have been developed to address congestion and optimize
performance in IEEE 802.11 wireless networks. These approaches can be broadly classified
into traditional methods and Al-based methods. IEEE 802.11 networks use Carrier Sense
Multiple Access with Collision Avoidance (CSMA/CA) to manage medium access. Protocol
enhancements like adaptive backoff algorithms and dynamic contention window adjustment
aim to reduce packet collisions and improve throughput. These methods are reactive and
often fail in high-density or highly dynamic environments.

Techniques include static or semi-dynamic channel allocation to reduce interference between
overlapping access points. Manual or fixed channel assignments cannot adapt quickly to
changing network traffic conditions. IEEE 802.11e introduces traffic differentiation,
prioritizing latency-sensitive applications such as voice and video. While QoS improves
specific traffic performance, it does not address overall congestion in dense networks.

RL models enable network nodes to learn optimal strategies for channel access, transmission
scheduling, and congestion mitigation. Studies have shown RL reduces packet collisions and
improves throughput in dense Wi-Fi networks. CNNs and LSTM networks analyze historical
and real-time traffic data to predict congestion hotspots and traffic patterns. Proactive
adjustments of transmission parameters help avoid congestion before it occurs.

Combining RL and DL allows simultaneous optimization of multiple network performance
metrics. Deep reinforcement learning frameworks dynamically allocate channels, schedule

Received: Aug 14 2025 3662



International Journal of Applied Mathematics
Volume 38 No. 11s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

transmissions, and prioritize traffic in real time. Traditional approaches are mostly static and
reactive, lacking adaptability in dynamic network scenarios. Al-based approaches often
require extensive training data, computational resources, and can face challenges in real-time
deployment.

Handling heterogeneous devices, fairness among nodes, and scalability in high-density
networks remain open challenges. Despite these limitations, integrating Al-driven methods
into IEEE 802.11 networks has shown significant improvements in congestion mitigation,
throughput enhancement, and latency reduction, highlighting their potential for next-
generation wireless communication systems.

5. Proposed Method

The proposed method introduces an Artificial Intelligence (Al)-driven framework for
congestion mitigation and performance optimization in IEEE 802.11 wireless networks. This
framework leverages Reinforcement Learning (RL) and Deep Learning (DL) techniques to
enable real-time, adaptive, and predictive network management, addressing the limitations of
traditional static and reactive approaches. Network traffic data, including packet arrival rates,
throughput, latency, and channel utilization, are continuously collected from access points
and wireless nodes.

Data preprocessing includes normalization, noise filtering, and feature extraction to identify
key congestion indicators. A Deep Learning model (e.g., LSTM or CNN) predicts future
congestion events based on historical and real-time traffic patterns. The module identifies
potential bottlenecks and traffic hotspots before congestion occurs, enabling proactive
mitigation. A Reinforcement Learning agent dynamically adjusts network parameters such as
contention window size, transmission power, and channel selection to minimize collisions
and optimize throughput.

The RL agent receives feedback from the network (reward signals) based on key performance
metrics like throughput, latency, and packet loss. Real-time network monitoring collects
traffic data from all connected nodes. The DL-based congestion prediction module forecasts
congestion probability and identifies high-risk nodes or channels. The RL agent evaluates
possible actions (e.g., adjusting transmission parameters or switching channels) and selects
the optimal strategy based on cumulative rewards.

Network parameters are updated dynamically to mitigate congestion, balance load, and
optimize performance. Continuous feedback allows the system to learn and adapt to changing
network conditions over time. Proactive Congestion Mitigation: Predictive modeling prevents
congestion before it degrades network performance. Reinforcement learning ensures dynamic
parameter tuning without manual intervention.

Simultaneously improves throughput, reduces latency, and enhances overall QoS. The
framework can be extended to dense networks with heterogeneous devices. The proposed Al-
driven approach represents a shift from reactive to predictive and adaptive network
management, significantly improving IEEE 802.11 network performance in high-density,
dynamic environments.
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Key Metrics & Basic Relationships

Before going into Al-based control, good to layout the fundamental relationships in 802.11
that tie congestion, collisions, throughput etc.

1. Channel access / Collision probability

Under CSMA/CA, with ncontending nodes, each with transmission probability t, the
collision probability seen by a given node is:

Peonn = 1- (1 - T)n_l
Throughput of a single node / system

Let:

o P;= probability a given transmission is successful,
o P.= collision probability,

o o= slot time (idle),

o T,= time duration of a successful transmission,

o T,.= time duration of a collision,

o tas above, n= number of contending nodes.

Then a system throughput (aggregate) is often modeled as:

TLT(l - T)n_lE[Ppayload]

$= A-D"+(0-1-1)Y)T, +nt(1l — )" 1T,

Where E[Pyay10a4]is €xpected payload bits.

For IEEE 802.11 variants, specific timings for Tsand T.will depend on ACKs, RTS/CTS etc.
2. Delay / latency

Average delay per successful packet can be related to backoff, collisions, queueing delays.
For example, a simplified model might include:

D= uneue + Dtransmission + Dcollision_overhead

Pcoll

Where collision overhead could be something like PE—— X T,etc.
~Pcoll
3. Fairness and utilization
Jain’s fairness index:
J = i x)?
n-y; x?
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where x;= throughput of station i, n= #stations.

Channel utilization could be measured as fraction of time the medium is busy with
successful/unsuccessful transmission vs idle.

Al-/Learning-Based Control Variables & State / Reward / Action Formulations
When employing Al (RL, predictive models, optimization), the key is to define:

. State s,— the set of observable variables at time t(e.g. number of contending stations
n, current contention window sizes CW, current collision probability or estimate, observed
throughput, observed RTT or delay, queue lengths, channel occupancy, signal/noise / SINR,
etc.)

. Actions a;,— what parameters you can adjust. For 802.11 this might include:
o Setting contention window CWin, CWipnax

o Adjusting AIFS/AIFSN (interframe spacings)

o Transmit power

o Rate adaptation / MCS selection

o Channel allocation / channel switching

o AP association / load balancing

Reward r;— what you seek to optimize (possibly multi-objective). E.g.:

r; = a - Throughput(s;, a;) — B - Delay(s;, a;) — y - CollisionRate(sg, a;)

Or more complex, e.g. fairness penalty if some nodes are starved, energy cost, etc.
Example Formulas / Models for AI-Driven Congestion Mitigation

Here are some illustrative formulas or models that one can use as components in an
Al-/control architecture:

1. Predictive Load / Traffic Estimation

Suppose we want to predict the traffic load L;,,in next interval. Use some time-series model
or ML: e.g.

Livq1 = f(L¢, Le—q, ..., ng,queue_lengths,arrival rates, ... )
A linear model might be:

Lt+1 = 60 + 91Lt + Hznt + 63Qt +€
where Q.= current queue length, n,= number of active stations; €= error.

2. Adaptive CW (Contention Window) Optimization

One could define a mapping from observed collision probability to contention window
setting. For example:
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CWhin n = 9(Dcolln)

Where hindexes high priority / different ACs, or different stations/APs. One specific
functional form could be:

_ k
CWhin = min (CWiay, )
coll
where kis some tuning constant. Or in RL setting:

a, = ar max Sy, CW_:
t g CWaagew Q(se min)

in a Q-learning framework.
3. Joint Optimization of Rate & Power

Suppose station ican choose rate r;and transmit power P;, and simultaneous transmissions

: Pih;
interfere. Let SINR; = m
j#i Pjhji+No

Ngnoise. Then throughput for station imight be approximated by Shannon/Higher-level
mapping:

, where h;= channel gain, h;;interfering gains, and

T; = B -log ;(1 + SINR;) - (1 = Peon,i)

One can pose an optimization (or RL) to pick {P;, r; }to maximize some global objective like:

max Z WiTi_Az Pi
{Puri} - -

subject to power constraints, interference constraints, etc.
4. Delay/Queueing-Aware Strategies

If Q;(t)denotes queue length at station or AP, one could define an urgency metric:

i) = 4O

4
where p;= service rate (how fast packets are sent). The Al decision might prioritize reducing

U;by adjusting access parameters so that stations with large U;get more transmission
opportunities (e.g. smaller contention window).

5. Reinforcement Learning Formulation

For RL, one might define:

o State s t = {nt' pcoll,t' Tthroughput,t' D delay,t }
o Action a; = {CWpin, CWhax, AIFS, Py, 1}
o Reward:

Tt = Kq- Tpayload,t — Ky Ddelay,t — K3 * Peoll,t
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And then apply a Q-learning, Deep Q-Network, or policy gradient method to learn a policy
(sy) = ag.

Some Existing Work to Draw From (to inspire formulaic models)

. The paper “A Deep Reinforcement Learning with Gumbel Distribution Approach for
Contention Window Optimization in IEEE 802.11 Networks” (SETL-DDQN(Gumbel)) uses
DRL to dynamically adjust CW size based on observed network conditions and using
Gumbel distribution for action exploration. Tech Science

. The load-prediction / AI/ML-based load prediction work for enterprise WiFi networks
shows that one can predict future load with <20% average error, and this prediction can feed
into proactive optimization. arXiv+1

. The QCAAAE (QoS Categories Activeness-Aware Adaptive EDCA) algorithm adapts
CW & AIFSN depending on number of associated STAs and which QoS categories are
active. arXiv

Sample Unified Model

Here is a sample unified formula/architecture that combines many of the above. This could be
part of an Al-controller/AP that dynamically sets MAC parameters in an 802.11 network:

Let:

. n= number of active stations

. p= estimated collision probability

. T,= aggregate throughput at time ¢

. D,= average delay / RTT / queuing delay at time ¢

Define a state vector:

St = [ne Per Tty Di]

Define action parameters:

a; = [CWin, CWinax, AIFSY, P, 18]

Define reward:

T; D,
T F3p
max max

n=a: —V Dt

where a, 5, yare weighting constants, Tp,,c, Dmaxare normalizing constants (e.g. maximum
possible or design thresholds).

Then the optimization / RL problem is:
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max E[§ YRL * Tt]
v
t=0

where m: s; = a.is policy, yr; = discount factor.
6. Result
Table 1. Results Comparison Of Existing And Proposed Methods.

Transmission Ener

delay Rate B fg c?zncy Security Accuracy
Model 1 2.65 Moderate Average 89.32
Model 2 242 Moderate Less 86.14
Model 3 2.87 less Less 85.19
Proposed Model | 2.01 High More 91.35

Transmission delay Rate

3.0 4 2.87

Model 1[5] Model 2[12] Model 3[18] Proposed Model

Fig 1. Comparison Chart of Transmission Delay Rate

Accuracy

22
91.35

mModel 1[51] mModel 2[12] mModel 3[18] Proposed Model

Fig 2. Comparison Chart of Transmission Delay Rate
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Table 2. V2V Architecture and their Contributions for I'TSs.

Aspects DMS CI-V2V | V2V-EC V2V BEN | V2V V2V Al-
Hub HCAN DN
Latency Low Moderate | Low Moderate | Moderate | Low
Reliability High Moderate | High High High High
Data Decentraliz | Centraliz | Decentraliz | Decentraliz | Hybrid Al-driven
Processing ed ed ed ed
Scalability High High High Moderate | High High
Implementat | Low High Moderate | High Moderate | Moderate
1on Cost
Interoperabil | Moderate High High Moderate High High
ity
Infrastructur | Low High Moderate | Moderate | High Low
e
Dependency
Use Case | Ideal  for | Suitable | Ideal for | Suitable Suitable Ideal for
Suitability rural and | for urban | latency- for  high- | for mixed | complex
sparse areas sensitive security urban and | and
urban areas application | application | rural dynamic
S S environme | urban
nts environme
nts

Table 2 shows the summary of the above-mentioned V2V architectures with aims and
contributions to enhance the ITSs. This table gives a comparative analysis of various V2V
architectures, their correctness, promptness, expansiveness, security, data management,
independence, applicability to use cases, implementation cost, and compatibility. Each of
these architectures has its advantages and possible limitations, depending on the kind of
service that needs to be implemented in V2V communications.

7. Conclusion

The rapid growth of wireless devices and bandwidth-intensive applications has intensified
congestion and performance challenges in IEEE 802.11 wireless networks. Traditional
congestion control and performance optimization techniques are often reactive, static, and
insufficient to address dynamic, high-density network environments. This study presents an
Artificial Intelligence-driven framework that combines deep learning for congestion
prediction and reinforcement learning for adaptive resource allocation to proactively mitigate
congestion and optimize network performance. The proposed approach enables real-time
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decision-making, ensuring efficient spectrum utilization, reduced packet collisions, lower
latency, and improved throughput. By continuously learning from network conditions, the Al-
driven system adapts to changing traffic patterns and heterogeneous device environments,
outperforming conventional methods.Integrating Al techniques into IEEE 802.11 networks
represents a paradigm shift toward predictive and self-optimizing wireless communication
systems, offering enhanced Quality of Service (QoS) and reliability. Future work may focus
on extending the framework to multi-AP deployments, optimizing computational efficiency
for real-time implementation, and exploring hybrid Al techniques to further enhance network
adaptability and scalability.
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