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Abstract: The Internet of Vehicles (IoV) is an advancement of the traditional vehicular ad-hoc network (VANET), which is a network of many 12 

entities that facilitates real-time communication between them, including cars, pedestrians, roadways, parking lots, and city infrastructure. The 13 

hidden terminal (or node) problem, which is a major problem in IoV networks can negatively impact wireless communications and network 14 

performance. Hidden Terminal Problem (HTP) occurs when two nodes in a network cannot communicate or detect each other, leading to perfor- 15 

mance degradation. This research proposes a deep neural network based throughput optimization frame work as well as a neural network based 16 

grouping scheme for grouping nodes in IoV networks to avoid HTP. Proposed Neural Networks based grouping scheme is compared with uniform 17 

grouping (UG) scheme of 802.11ah and Received Signal Strength (RSS) scheme. IEEE 802.11ah is a standard that addresses HTP by grouping 18 

nodes based on coverage area and other criteria. IEEE 802.11ah is suitable for IoV scenarios that require more coverage and less energy consump- 19 

tion. The Markov chain model analyses the throughput of different grouping schemes using Monte-Carlo simulation. Both analytical and simula- 20 

tion results of UG Scheme and NNBG are Compared for throughput. The proposed scheme is shown to improve the throughput performance of 21 

802.11ah based IoV networks. 22 

Keywords: IoT; Wireless Sensor Networks (WSN); deep neural networks; Hidden node; IEEE 802.11ah 23 

 24 

1. Introduction 25 

The Internet of Things (IoT) has evolved into one of the most transformative paradigms of modern digital infrastructure, connecting 26 

billions of devices and enabling ubiquitous data exchange across heterogeneous environments. As per current projections, the global 27 

IoT market, valued at approximately USD 100 billion in 2017, is expected to reach USD 1.6 trillion by 2025 [1]. The IoT ecosystem 28 

encompasses interconnected physical objects embedded with sensors, actuators, and software that communicate wirelessly to collect 29 

and exchange data, thereby supporting applications in smart cities, healthcare, industrial automation, and intelligent transportation. 30 

A specialized domain within IoT, known as the Internet of Vehicles (IoV), extends the concept of connectivity to vehicular envi- 31 

ronments. IoV establishes a real-time communication framework among vehicles, roadside infrastructure, pedestrians, and cloud- 32 

based services, enabling applications such as cooperative driving, traffic safety, and infotainment [2]. The IoV can be viewed as an 33 

evolution of Vehicular Ad Hoc Networks (VANETs) that incorporates elements of cloud computing, artificial intelligence, and edge 34 

networking to provide intelligent vehicular communication. Generally, IoV consists of three major components: (i) Inter-vehicular 35 

communication, (ii) Intra-vehicular communication, and (iii) Mobile Internet for vehicles. 36 

Despite its potential, IoV presents several unique design and performance challenges compared to conventional IoT networks. These 37 

include high node mobility, dynamic topology, diverse communication requirements, and stringent quality-of-service (QoS) de- 38 

mands. Each vehicle, whether autonomous or manually operated, produces massive data streams often several orders of magnitude 39 

greater than that generated by an average IoT device. Furthermore, the heterogeneous architecture of IoV networks introduces 40 

significant complexity in terms of radio access, routing, and resource management. While non-critical applications such as infotain- 41 

ment can tolerate moderate latency, safety-critical operations like cooperative awareness messages (CAMs), collision avoidance, 42 

and emergency warnings which demands ultra-reliable, low-latency communications [3]. 43 

Recent research efforts have explored various enabling technologies and communication standards for IoV systems. Zhou et al. [4] 44 

provided an extensive review of Vehicle-to-Everything (V2X) standards, comparing IEEE 802.11-based V2X and Cellular-V2X 45 

(C-V2X) technologies in terms of performance, scalability, and deployment maturity. Similarly, Karim et al. [5] discussed IoV 46 
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architecture models, communication types, and major security challenges, proposing blockchain-based frameworks to enhance trust, 47 

privacy, and data integrity. Aramice et al. [6] highlighted the wireless communication technologies and protocols used in vehicular 48 

networks and examined their practical use cases for reliable vehicular connectivity. In addition, Elfatih et al. [7] reviewed the inte- 49 

gration of Artificial Intelligence (AI) techniques for resource management and allocation within 5G-based IoV architectures, em- 50 

phasizing AI-driven optimization of radio access networks (RANs). Ni et al. [8] further analyzed scalable wireless communication 51 

approaches through mathematical modeling and performance evaluation for IoV. 52 

Among the various wireless technologies, IEEE 802.11ah, also known as Wi-Fi HaLow, has emerged as a promising candidate for 53 

IoV applications due to its extended range, lower power consumption, and native IP support. Operating in the sub-1 GHz band, 54 

802.11ah offers high spectral efficiency and supports thousands of devices per access point, making it particularly suitable for dense 55 

vehicular deployments [9]. The standard supports multiple data rates and robust modulation schemes, addressing diverse commu- 56 

nication needs ranging from infotainment to safety-critical applications. Alam et al. [9] analyzed the suitability of 802.11ah for next- 57 

generation IoT, while their subsequent study [10] proposed an Internet of Drones (IoD) architecture based on 802.11ah for improved 58 

connectivity and latency reduction. Farhad et al. [11] conducted a detailed survey of the 802.11ah MAC layer, identifying open 59 

challenges and optimization opportunities. Additionally, Zhang et al. [12] proposed the Fast Key Re-authentication (FKR) method 60 

to enhance link setup efficiency in 802.11ah networks. 61 

Machine learning and reinforcement learning algorithms have recently gained traction in wireless communication optimization, 62 

particularly in IEEE 802.11ah-based IoT environments. Jiang et al. [13] introduced a deep reinforcement learning (DRL) framework 63 

utilizing the Proximal Policy Optimization (PPO) algorithm to optimize Restricted Access Window (RAW) parameters for maxim- 64 

izing throughput. Ibrahim et al. [14] developed a machine learning-based adaptive MAC protocol for IoT smart city environments 65 

to minimize collision probability and optimize channel allocation. 66 

One of the persistent challenges in IEEE 802.11ah-based IoV networks is the Hidden Terminal Problem (HTP)—a situation where 67 

two or more stations cannot detect each other’s transmissions due to spatial separation, resulting in frequent collisions and through- 68 

put degradation. This problem becomes critical in large-scale IoV scenarios with heterogeneous devices and varying transmission 69 

ranges. Traditional mitigation techniques such as RTS/CTS handshaking or uniform grouping schemes are inadequate under dense 70 

and dynamic vehicular conditions. To address this issue, this study proposes a Neural Networks-Based Grouping (NNBG) scheme 71 

that employs Self-Organizing Maps (SOMs) to cluster vehicular nodes intelligently based on their signal characteristics. The pro- 72 

posed method effectively reduces collision probability, mitigates hidden terminals, and enhances aggregate throughput performance 73 

in 802.11ah-based IoV networks. 74 

The main contributions of this paper are summarized as follows: 75 

1. A novel Neural Networks-Based Grouping (NNBG) scheme utilizing Self-Organizing Maps (SOM) is proposed for adaptive 76 

node grouping in IEEE 802.11ah-based IoV networks, addressing hidden terminal challenges. 77 

2. The proposed scheme is evaluated and compared with the Uniform Grouping (UG) and Received Signal Strength (RSS) 78 

schemes, demonstrating superior performance in terms of throughput, packet collision rate, and fairness index. 79 

3. A Markov chain-based analytical model and Monte Carlo simulations are developed to validate the NNBG scheme. The 80 

model accurately captures throughput dynamics under varying network densities and hidden terminal conditions. A Deep Learning– 81 

Based Throughput Prediction Model (DL-TPM) is proposed for throughput enhancement. 82 

4. Comprehensive MATLAB simulations are performed using IEEE 802.11ah PHY and MAC layer parameters to substantiate 83 

the analytical findings. 84 

 Organization of the Paper 85 

The remainder of this paper is organized as follows: Section 2 provides an overview of related work on grouping mechanisms and 86 

hidden terminal mitigation techniques in IEEE 802.11ah networks. Section 3 introduces the IEEE 802.11ah PHY and MAC archi- 87 

tectures and explains the hidden terminal scenario and neural learning algorithm. Section 4 presents the analytical model, including 88 

the Markov chain framework and mathematical formulation of hidden terminal probability. Section 5 discusses the simulation setup, 89 

parameters, and performance evaluation results. Finally, Section 6 concludes the paper and outlines potential directions for future 90 

research. 91 

2. Related Work 92 

The IEEE 802.11ah standard proposes a uniform grouping scheme for organizing stations. However, no additional mechanisms are 93 

specified in the standard to effectively mitigate packet collisions or hidden terminal problems. Consequently, most research studies 94 

have relied on the uniform grouping approach to distribute stations evenly across the available Restricted Access Windows (RAWs) 95 

[15]. 96 



 

 

In [16], the authors investigated the impact of hidden terminals in dense heterogeneous networks and recommended differentiating 97 

concealed devices based on network characteristics to minimize interference. A few studies explored the use of the RTS/CTS (Re- 98 

quest-to-Send/Clear-to-Send) mechanism as an alternative for detecting concealed nodes [17]. Furthermore, an adaptive RTS/CTS 99 

mechanism was discussed in [18] to dynamically manage uncorrelated stations, thereby reducing network performance degradation 100 

in dense IoT networks with smaller payloads. 101 

Another line of research proposed a geographic location–based spatial grouping strategy [19], which reduced hidden terminals by 102 

clustering devices according to spatial proximity. Although this method improved collision avoidance, it consumed additional band- 103 

width and computational resources. In [20], an RSS-based grouping mechanism was introduced, while [21] proposed a Traffic- 104 

Adaptive Restricted Access Window Optimization Algorithm (TAROA) to enhance 802.11ah efficiency under hidden-node condi- 105 

tions. Both approaches demonstrated throughput improvement by adjusting group formation dynamically according to real-time 106 

network behavior. 107 

In [22], the authors presented Randomness Region-Based Grouping (RRG) and Proximity-Based Regrouping schemes. These ap- 108 

proaches divided the network into multiple regions based on proximity to minimize the number of hidden stations, reporting superior 109 

performance in terms of throughput and packet loss. Similarly, [23] introduced a Hidden Matrix-Based Regrouping (HMR) tech- 110 

nique, which first identified hidden-node pairs and then formed groups using a hidden-node matrix. This strategy improved hidden 111 

node detection accuracy and overall channel efficiency. Another study [24] proposed a Signal-to-Interference-and-Noise Ratio 112 

(SINR)-based grouping scheme, where devices were grouped according to SINR measurements, resulting in significant performance 113 

improvement. 114 

A Genetic Algorithm (GA)-based grouping strategy was proposed in [25], where the algorithm’s parameters were tuned for better 115 

convergence and throughput optimization. In [26], an ML-based optimized RAW station grouping model was developed and com- 116 

pared against conventional state-of-the-art techniques, highlighting machine learning’s potential in dynamic group formation. The 117 

Load-Balanced Grouping Method introduced in [27] aimed to improve channel utilization by evenly distributing traffic among 118 

groups, demonstrating superior throughput over random grouping approaches. 119 

More recently, advanced reinforcement learning–based methods have been explored for channel access optimization. The MADRL- 120 

HT (Multi-Agent Deep Reinforcement Learning for Hidden Terminals) framework proposed in [28] effectively addressed hidden 121 

terminal collisions and optimized both system throughput and fairness in autonomous wireless networks. Additionally, [29] inves- 122 

tigated collision recognition in multihop IEEE 802.15.4-compliant wireless sensor networks using machine learning techniques. 123 

Their model analyzed error patterns to distinguish collisions from interference or path loss, employing redundant data blocks and 124 

mutual information-guided byte selection to achieve over 90% recognition accuracy with high coding efficiency—thereby enhanc- 125 

ing overall network reliability. 126 

A critical review of these studies reveals several research gaps that motivate the present work. Existing grouping mechanisms often 127 

demonstrate performance improvements but tend to suffer from high computational complexity and overhead due to distance matrix 128 

calculations and parameter tuning. Many also lack adaptability to rapidly changing IoV environments characterized by node mobility 129 

and varying signal conditions. 130 

To address these limitations, the present study introduces a Neural Networks-Based Grouping (NNBG) algorithm utilizing Self- 131 

Organizing Maps (SOMs) for intelligent and adaptive node grouping. The proposed scheme significantly reduces hidden terminal 132 

collisions and improves throughput while maintaining computational efficiency. Its performance has been assessed through both 133 

analytical and simulation models using critical parameters such as packet collision rate, packet loss rate, and fairness index. Com- 134 

parative results indicate that the NNBG algorithm achieves superior performance relative to conventional grouping methods. 135 

The organization of the paper is as follows: Section 2 reviews related work on existing grouping and collision mitigation strategies. 136 

Section 3 discusses the hidden terminal problem in IoV and presents the learning algorithm employed in this study. Section 4 137 

develops the analytical model, including the Markov chain–based throughput analysis. Section 5 provides detailed simulation results 138 

and performance evaluation. Finally, Section 6 concludes the paper and outlines future research directions. 139 

3. 802.11.ah PHY and MAC 140 

This section presents an overview of the Physical (PHY) and Medium Access Control (MAC) layers of the IEEE 802.11ah standard, 141 

along with modeling aspects relevant to this study. It also describes the hidden terminal scenario in vehicular networks and intro- 142 

duces the learning algorithm adopted for mitigating such issues. 143 

3.1. Basics of 802.11ah Protocol 144 



 

 

The IEEE 802.11ah standard was developed to address the limitations of traditional Wi-Fi in Internet of Things (IoT) environments, 145 

particularly in terms of long-range connectivity, scalability, and energy efficiency. While conventional Wi-Fi technologies operate 146 

in the 2.4 GHz and 5 GHz bands with limited coverage, IEEE 802.11ah—also known as Wi-Fi HaLow—operates in the sub-1 GHz 147 

frequency band, making it ideal for extended-range, low-power IoT applications such as smart cities, industrial monitoring, and 148 

vehicular networks. The standard supports coverage of up to 1 km and accommodates nearly 8000 stations per Access Point (AP) 149 

[30]. 150 

IEEE 802.11ah defines a narrow-band Orthogonal Frequency Division Multiplexing (OFDM)-based PHY layer, supporting channel 151 

bandwidths of 1, 2, 4, 8, and 16 MHz. Different sub-1 GHz bands have been allocated for IEEE 802.11ah operation across countries 152 

to ensure regulatory compliance. The standard supports star and tree topologies and introduces several enhancements over legacy 153 

IEEE 802.11 standards, including improved power-saving mechanisms, increased station capacity, and higher throughput efficiency. 154 

At the PHY layer, IEEE 802.11ah incorporates multiple Modulation and Coding Schemes (MCSs) that enable adaptive data rates 155 

according to channel conditions. Stations employ rate adaptation to select the most suitable MCS (ranging from MCS0–MCS9), 156 

while MCS10 is specifically designed for a 1 MHz channel using Binary Phase-Shift Keying (BPSK) modulation to achieve greater 157 

coverage under low-SNR conditions. 158 

In dense and heterogeneous IoT networks, the coexistence of thousands of devices leads to a higher probability of packet collisions. 159 

To address this, the IEEE 802.11ah Task Group introduced a group-based channel access mechanism known as the Restricted 160 

Access Window (RAW). Under the RAW scheme, the available channel time is divided into multiple time slots, and stations are 161 

grouped such that each group competes for channel access only within its assigned slot [28]. 162 

However, the Uniform Grouping (UG) method defined in the standard suffers from random allocation of stations to groups, resulting 163 

in throughput degradation and hidden terminal problems, especially in multi-rate and heterogeneous IoT networks. Consequently, 164 

various researchers have proposed adaptive grouping and scheduling techniques to enhance performance by mitigating hidden ter- 165 

minal collisions and reducing contention. 166 

3.2. Hidden Terminal Scenario in Vehicular Networks 167 

The hidden terminal problem (HTP) remains one of the major causes of degraded performance in IEEE 802.11-based networks. In 168 

vehicular communication, the issue becomes even more pronounced due to high mobility, variable density, and dynamic link quality. 169 

Traditionally, IEEE 802.11 networks employ the Request-to-Send/Clear-to-Send (RTS/CTS) handshake protocol to alleviate hidden 170 

terminal collisions. However, this method is only effective in unicast communication. In broadcast scenarios—such as when vehicles 171 

transmit Basic Safety Messages (BSMs)—the transmitter cannot receive CTS (or ACK) signals from all receivers, rendering 172 

RTS/CTS inapplicable [31]. 173 

Figure 1 illustrates a typical hidden terminal scenario in vehicular networks. Suppose node Tx1 broadcasts a BSM to receivers Rx1 174 

and Rx2 within its communication range. If other nodes located in the shaded region (outside Tx1’s range but within Rx1’s sensing 175 

range) begin transmitting simultaneously, Rx1 may fail to correctly receive Tx1’s packet. These interfering nodes represent Rx1’s 176 

hidden terminals, which may differ from Rx2’s depending on spatial geometry. Consequently, the hidden terminal problem arises 177 

independently for each receiver in a broadcast domain. 178 

In IEEE 802.11ah networks, a single AP can serve a large number of stations, making collision management a key challenge. 179 

Collisions occur when multiple stations attempt simultaneous channel access, particularly when they lie outside each other’s sensing 180 

range. The Distributed Coordination Function (DCF) of IEEE 802.11 utilizes Carrier Sense Multiple Access with Collision Avoid- 181 

ance (CSMA/CA) and optional RTS/CTS mechanisms to manage contention [32]. 182 

IEEE 802.11ah extends this concept by introducing the RAW mechanism, which divides stations into groups that access the channel 183 

sequentially, thereby minimizing contention [33, 34]. When a group’s slot is inactive, its member stations enter a sleep mode, 184 

conserving energy [35]. Despite these improvements, hidden node collisions may still occur within the same RAW slot, affecting 185 

throughput and energy efficiency [36]. Hence, further optimization through machine learning-based adaptive grouping is essential 186 

to ensure consistent performance under high-density vehicular scenarios. 187 

 188 



 

 

 189 

Figure 1. Hidden terminal scenario in vehicular networks. 190 

3.3. Learning Algorithm for Reducing the Hidden Terminal Problem 191 

With the advancement of Artificial Intelligence (AI) and Machine Learning (ML), neural network models have demonstrated ex- 192 

ceptional capability in learning complex spatial and temporal relationships within wireless networks. In the context of wireless 193 

sensor and vehicular networks, ML approaches can dynamically learn environmental patterns—such as signal strength, interference, 194 

and channel state—to intelligently mitigate hidden terminal issues. 195 

Among ML algorithms, the Self-Organizing Map (SOM), introduced by Teuvo Kohonen, stands out as an efficient unsupervised 196 

learning model. SOMs autonomously cluster high-dimensional data into low-dimensional topological maps without human super- 197 

vision. Unlike traditional supervised networks that rely on error-correction methods such as backpropagation, SOMs employ com- 198 

petitive learning, where neurons compete to represent input data based on similarity metrics [37]. 199 

A typical SOM architecture, shown in Figure 2, comprises an input vector, a feature (output) map, and a weight matrix. During 200 

training, the SOM learns to map high-dimensional feature spaces (e.g., signal strength or interference levels) into organized clusters, 201 

where similar input vectors are positioned close to each other. This property makes SOMs highly suitable for station grouping, 202 

clustering, and visualization of network dynamics [38]. 203 

 204 

Figure 2. Input vector, Feature Map, and Weight Matrix of SOM. 205 

In this work, an Artificial Neural Network (ANN) employing SOM is implemented and trained in MATLAB to generate an opti- 206 

mized grouping of stations. The resulting groups differ significantly from the default uniform grouping of IEEE 802.11ah. Simula- 207 

tion results demonstrate that the SOM-based grouping forms adaptive clusters around APs, effectively minimizing hidden terminal 208 

interference in Vehicle-to-Everything (V2X) environments. The scheme’s performance has been validated analytically and through 209 

extensive MATLAB simulations, confirming its potential to enhance throughput and fairness in IEEE 802.11ah-based IoV systems. 210 

4. Analytical Model 211 

Enhancing the performance of contention-based Medium Access Control (MAC) in densely populated IEEE 802.11ah networks 212 

remains a critical research challenge. With the growing number of IoT and vehicular devices, efficient channel access becomes 213 



 

 

essential to maintain high throughput and low collision probability. The IEEE 802.11ah Task Group proposed the Group-Synchro- 214 

nized Distributed Coordination Function (GS-DCF) to address congestion in large-scale networks. By combining Restricted Access 215 

Window (RAW) and RAW slot-based scheduling, GS-DCF substantially reduces contention, leading to improved throughput. How- 216 

ever, optimizing RAW slot assignment, duration, and group configuration continues to be an open issue in dynamic vehicular envi- 217 

ronments. 218 

To achieve rapid and accurate grouping of stations, this study adopts a centralized grouping scheme based on Neural Networks, 219 

specifically Self-Organizing Maps (SOMs). This section presents the analytical framework used to evaluate the proposed Neural 220 

Networks-Based Grouping (NNBG) algorithm in IEEE 802.11ah networks. The model includes the Markov chain formulation, the 221 

derivation of hidden terminal probability, and key performance parameters for throughput computation. 222 

4.1. Neural Networks-Based Grouping Scheme 223 

This section presents the Neural Networks-Based Grouping (NNBG) approach, which employs Self-Organizing Maps (SOMs) to 224 

classify devices according to their Signal-to-Noise Ratio (SNR). The objective of this scheme is to minimize hidden-terminal oc- 225 

currences by forming intelligent, SNR-aware clusters of stations within IEEE 802.11ah-based Internet-of-Vehicle (IoV) networks. 226 

At the outset, the Access Point (AP) periodically transmits beacon frames containing control and data elements. Each device esti- 227 

mates the received SNR from these beacon frames and evaluates the prevailing channel conditions before initiating the connection 228 

process with the AP. During this phase, each station dynamically adapts the rate bits embedded in the Physical Layer Convergence 229 

Protocol (PLCP) header to match its channel characteristics. 230 

Using the Machine Learning-Based User Pairing (MLUP) mechanism, the AP organizes all associated devices following the proce- 231 

dure outlined in Algorithm 1. After classification, the AP pairs each device id , where (1, / 2)i n  and n  is the total number of 232 

devices, belonging to the thi  group, with another device /2i nd +  from the th( / 2)i n+  group. The pairing process can be ex- 233 

pressed as
/2pair( , ),; (1, / 2)i i nd d i n+  . 234 

Upon successful pairing, the AP assigns every device a unique Association Identifier (AID), ensuring distinct network identities for 235 

subsequent data exchange and scheduling operations. 236 

As illustrated in Figure 3, a circular topology with a radius of 1000 units was generated, containing 256 nodes distributed heteroge- 237 

neously within a sensing range of 2000 units and governed by six group heads. The stations exhibit varying data rates and spatial 238 

locations, reflecting a realistic heterogeneous vehicular-network environment. 239 

 240 

Figure 3. Circle with various nodes with sensing range 2000. 241 

After applying the NNBG algorithm, the nodes within the circular region were reorganized into well-defined clusters, as depicted 242 

in Figure 4. Distinct markers denote the groups formed through the NNBG process. The grouping is primarily driven by the Signal- 243 

to-Interference-plus-Noise Ratio (SINR)—nodes exhibiting higher SINR values are grouped together to optimize channel utilization 244 

and reduce the likelihood of hidden terminals. Consequently, the proposed scheme achieves a balanced spatial distribution and 245 

improved overall network throughput. 246 



 

 

 247 

Algorithm 1 Neural Networks-Based Grouping scheme 248 

1: iterations = 1000, learning_rate = 0.5, Pairs = []; 249 

2: Group_values = []; \\ Category of each group; 250 

3: Node_IDs = []; \\ Identifier for each device in a category; 251 

4: \\ Assume N is the total number of devices; 252 

5: \\ Gather Signal-to-Noise Ratio (SNR) data from all devices 253 

6: for device = 1 to N do 254 

7: Device_SNR[device] = SNRdevice; 255 

8: end for 256 

9: \\ Deploy SOM neural network for classifying Device_SNR 257 

10: [Group_values, Node_IDs] = SOM(Device_SNR, iterations, learning_rate, N, Groups) 258 

11: for group = 1 to length(Group_values) do 259 

12: if Group_values[group] ≤ Groups/2 then 260 

13: pair(Node_IDs[group], Node_IDs[group + Groups/2]) 261 

14: end if 262 

 15: end for  263 

 264 

Figure 4. The proposed NNBG scheme results in the grouping of nodes with various markers. 265 

4.2. Markov Chain Model 266 

The Bianchi method, originally developed for traditional IEEE 802.11 Wi-Fi networks, is a fundamental analytical approach based 267 

on the Markov chain model. This technique provides a mathematical framework to evaluate channel contention and transmission 268 

dynamics in distributed coordination functions (DCF). In this study, the Bianchi model and its Markov-chain formulation are ex- 269 

tended to the IEEE 802.11ah standard to capture its unique medium access characteristics and optimize throughput performance. 270 

Markov chain modeling enhances IEEE 802.11ah network analysis by dynamically adapting the collision probability according to 271 

variations in node density, mobility, and traffic intensity. As a stochastic model, it represents systems whose evolution depends on 272 

probabilistic state transitions over time. Assuming the Markov property, the future state of the system depends solely on its current 273 

state and not on the sequence of prior states [39]. 274 



 

 

In this context, each station is assumed to always have a frame ready for transmission (saturation condition), and the process remains 275 

statistically stable over time. The model introduces the concept of virtual slots, representing the intervals between consecutive 276 

changes in the back-off counter. The Restricted Access Window (RAW) mechanism of IEEE 802.11ah divides all stations into 277 

groups and assigns each group a set of time intervals, or RAW slots, to minimize collision probability and improve fairness in dense 278 

IoT environments. 279 

During every contention round, each station waits for a random back-off period before attempting transmission. After a successful 280 

transmission, the station immediately prepares the next packet, whereas after a collision, the contention window is doubled. The 281 

new back-off window is calculated as min 1W CW= + , where minCW  denotes the minimum contention window size. This pa- 282 

rameter plays a crucial role in determining how rapidly the back-off time adapts to congestion levels, thereby influencing overall 283 

network throughput and fairness. 284 

The Markov chain model is characterized by a set of states and transitions between them. Each state corresponds to a particular 285 

back-off stage, representing the current range of the counter from which the station randomly selects its waiting time. The back-off 286 

counter is decremented at the start of each slot unless the channel is sensed as busy. When a transmission is successful or results in 287 

a collision, the counter is reset to a new random value within the range defined by W . 288 

As illustrated in Figure 5, consider a set of n  stations competing for channel access. Under saturation conditions, every station has 289 

an equal probability of transmitting, but as network density increases, the likelihood of collisions rises sharply. This Markov-based 290 

analytical representation enables the evaluation of back-off dynamics, retransmission behavior, and channel utilization efficiency— 291 

providing deep insight into how IEEE 802.11ah manages medium access in high-density vehicular or IoT scenarios. 292 

 293 

 294 

Figure 5. Markov chain IEEE 802.11ah in hidden nodes condition. 295 

4.3. Hidden Terminal Probability 296 

Let D  denote a uniform random variable representing the distance from the Gateway Hub (GH) to a device ig . The probability 297 

density function (PDF) for the distance d   at which device ig   lies within the annular region around the GH is expressed as 298 

2

2
( )D

c

d
f d

d
= . 299 



 

 

Refer to Figure 6, where the shaded region ( )A d  represents the area that is obscured from the view of device ig , and   denotes 300 

the density of devices per unit area within the GH’s transmission range. Consequently, the product ( )A d  gives the expected 301 

number of devices obscured from ig . Using geometric analysis, the obscured area ( )A d  can be computed as: 302 

2 2 2 2 2 2
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Figure 6. Hidden terminal problem. 305 

 306 

Thus, the mean number of obscured devices can be obtained as: 307 

 308 

0
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h Dg f r A r dr=           (1) 309 

 310 

To determine the probability that two devices fall within each other’s sensing range, consider the hidden terminal scenario shown 311 

in Figure 7. Let X  and Y  be random variables denoting the distances from GH to devices ig and
jg , respectively. The circle 312 

1C  defines the sensing range of ig , while 2C  represents the GH’s coverage area. 313 

The probability that 
jg  lies within ig ’s sensing range equals the ratio of the intersection area of 

2C  within 1C  to the circum- 314 

ference of 
2C , which is expressed as: 315 

 316 
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Here, ( )Xf x  and ( )Yf y  denote the PDFs defined earlier, and ( , )g x y  is given by: 318 
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Therefore, the probability that 
jg  remains hidden from ig  is obtained as: 321 

sense1hP = −P  322 
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 323 

Figure 7. Probability of finding hidden terminals. 324 

4.4. Parameters Based on Markov Chain Model 325 

This process is executed within a specific virtual slot that remains constant over time [40, 41]. If a transmission attempt fails, the 326 

back-off stage m  is incremented or reset depending on the protocol’s state. Conversely, upon a successful transmission, the back- 327 

off counter restarts for the next packet. The variable i  represents the back-off value, where 0 i m   [42]. When the channel is 328 

sensed as busy, a state transition occurs with probability (1 )hnpp− . Only stations that have completed registration and association 329 

procedures are permitted to access the channel. 330 

The duration of a Restricted Access Window (RAW) slot, denoted by  , can be determined as [43]: 331 

 332 

500, 120,s C s  = +           (4) 333 

where C  is a constant representing contention-related adjustments. 334 

Under normal conditions, the collision probability p  is given by: 335 

 336 

( )
1 ip e

−= −            (5) 337 

In the presence of hidden nodes, the modified collision probability 
hnpp  is expressed as: 338 

 339 

( )
1 (1 )i

hnp ip e
 −= − −          (6) 340 

The transmission probability , representing the likelihood that a node transmits during a randomly chosen time interval, is com- 341 

puted as: 342 

 343 

min min

2(1 2 )

(1 2 )( 1) , (1 (2 ) )m

p

p CW p CW p
 −
=

− + + −
     (7) 344 

Here, minCW  denotes the minimum contention window size, and m  is the maximum back-off stage. The value of p  is deter- 345 

mined using Eq. (7) for normal conditions and Eq. (8) for hidden node conditions. 346 

The probability that at least one node transmits in a time interval, denoted by trP , and the probability that a transmission is suc- 347 

cessful, denoted by sP , are given respectively by: 348 

 349 

1 (1 )n
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n
P P
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Under normal conditions, the parameters sT  and cT  represent the durations of a successful transmission and a collision event, 352 

respectively [44, 45]: 353 
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 354 

Data ACK PHYsT AIFS T T T= + + +         (10) 355 

Data PHYcT AIFS T T= + +          (11) 356 

To minimize collisions under hidden node conditions, RTS/CTS handshaking mechanisms are used. The duration of a successful 357 

transmission using RTS/CTS, denoted by 
/RTS CTSsT , is defined as [46, 47]: 358 

 359 

/
3

RTS CTSs s RTST T T SIFS= + +          (12) 360 

Finally, throughput—defined as the effective data rate measured in bits per second (bps)—is calculated as: 361 

 362 

payload
Throughput

(1 ) (1 )

s tr

tr tr s s tr s c

P P l

P P PT P P T
=

− + + −
     (13) 363 

Here, 
payloadl  denotes the payload length, and the denominator accounts for idle slots, successful transmissions, and collisions 364 

within the contention period. 365 

4.5 Deep Learning–Based Throughput Optimization Framework 366 

Recent advancements in deep learning (DL) have enabled more accurate and adaptive modeling of network behavior under dynamic 367 

environments such as vehicular and dense IoT networks. Unlike traditional analytical or Markov-based models, deep neural archi- 368 

tectures can capture complex nonlinear relationships among multiple parameters—such as node density, SNR, collision probability, 369 

and contention window size—to predict and optimize throughput in real time. 370 

4.5.1 Model Architecture 371 

The proposed Deep Learning–Based Throughput Prediction Model (DL-TPM) is designed using a multi-layer feedforward neural 372 

network (FNN). The input layer receives normalized parameters that significantly influence IEEE 802.11ah throughput: 373 

• Node count ( n ) 374 

• Transmission probability ( ) 375 

• Collision probability (
hnpp ) 376 

• SNR ( ) 377 

• Modulation and Coding Scheme (MCS) index (
csm ) 378 

• Payload length (
payloadl ) 379 

The input vector is represented as
payload[ , , , , , ]hnp csX n p m l = . The corresponding target variable is the measured throughput 380 

obsY T= . 381 

The network contains L  hidden layers, each consisting of lH  neurons with rectified linear unit (ReLU) activations. The forward 382 

propagation of the thl  layer output ( )lh  is given by: 383 

 384 

( ) ( ) ( 1) ( )ReLU( )l l l lh W h b−= +         (14) 385 

where ( )lW  and ( )lb  denote the weight matrix and bias vector for the thl  layer, respectively. 386 

The final output layer employs a linear activation function to predict the instantaneous throughput: 387 

 388 

( ) ( 1) ( )

DL
ˆ L L LT W h b−= +          (15) 389 

4.5.2 Training and Optimization 390 

The model is trained using simulation-generated datasets derived from Section 4.4, covering various channel conditions, node den- 391 

sities, and contention levels. The Mean Squared Error (MSE) is employed as the loss function: 392 

 393 

2
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i ii T T
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To accelerate convergence and prevent overfitting, the Adam optimizer is used with learning rate 310 −=  and early stopping 395 

criteria based on validation loss. 396 

4.5.3 Adaptive Throughput Enhancement 397 

Once trained, the DL-TPM dynamically predicts optimal throughput values and corresponding contention parameters ( minCW , 398 

RAW slot duration , and MCS index). These predictions are used to reconfigure the MAC layer in real time, allowing the access 399 

point to adaptively allocate resources and minimize collisions. 400 

An adaptive control rule is defined as: 401 

 402 

opt
ˆarg min | DL( ) target |CWCW T CW T= −       (17) 403 

This optimization ensures that the contention window is continuously tuned to achieve near-optimal throughput performance under 404 

varying load and hidden-node conditions. 405 

5. Results and Discussion 406 

5.1. Simulation Parameters 407 

The performance evaluation of the proposed models has been conducted using MATLAB-based simulations. The simulation frame- 408 

work implements both the MAC and PHY layers in compliance with the IEEE 802.11ah standard. The simulation environment 409 

closely follows the parameters defined in the 802.11ah draft to ensure realistic and reproducible results. 410 

The experiments analyze the performance of different grouping and access control mechanisms—namely, the Uniform Grouping 411 

Scheme (UGS), the Received Signal Strength (RSS)-based scheme, and the Neural Networks–Based Grouping (NNBG) scheme— 412 

under varying network conditions. 413 

The key physical layer parameters used in the simulations are summarized in Table 1, and the MAC-layer parameters are presented 414 

in Table 2. These include modulation and coding schemes (MCS levels), channel bandwidth, slot durations, and propagation delays, 415 

all aligned with standard 802.11ah configurations. 416 

Table 1. Key physical layer parameters for simulations. 417 

     Parameter Value 

     Basic rate 0.65 Mbps 

Data rate 7.8 Mbps 

     Channel bandwidth 2 MHz 

Modulation and coding scheme MCS 2,8 

PHY layer header 192 µs 

Slot duration (σ) 52 µs 

Propagation delay (δ) 3.3 µs 

Table 2. Values of MAC layer and other parameters used in simulation. 418 

Parameter Value 

SIFS 160 µs 

DIFS 264 µs 

Payload size 256 bytes 

MAC layer header 34 bytes 

ACK 14 bytes 

Beacon interval 0.1 s 

Guard interval (Tg) 8 µs 

5.2. Simulation Results 419 

The simulation results provide a comparative evaluation of the proposed NNBG scheme with the existing UGS and RSS-based 420 

schemes across multiple network conditions. Analytical and simulation outcomes are correlated to validate the accuracy of the 421 

mathematical model and the efficiency of the proposed neural-based grouping mechanism. 422 

The effect of hidden terminals on the average throughput can be seen in below Figure 8, where analytical model and simulation 423 

data have been used for different modulation schemes like MCS2, MCS4, and MCS9. Different coding schemes of 802.11ah are 424 



 

 

used for simulation. In the result analysis, we can see that the MCS2 coding scheme gives lesser aggregate throughput when com- 425 

pared with the MCS4 and MCS9 coding schemes. When the number of hidden terminals increases, the aggregate throughput de- 426 

creases in all the coding schemes. The hidden terminals or nodes are causing a major impact on the aggregate throughput in all the 427 

coding schemes. 428 

 429 

Figure 8. The average throughput vs. number of hidden terminals. 430 

In Figure 9, the aggregate throughput of the carrier sensing range has been compared for the uniform grouping scheme and the 431 

proposed grouping scheme. In the result analysis, we can see that the aggregate throughput is consistent with the NNBG scheme 432 

for both MCS2 and MCS9 analytical and simulation, though the sensing range varies. 433 

For the uniform grouping scheme, the aggregate throughput is less for the lower sensing range and increases along with the sensing 434 

range for both MCS2 and MCS9 coding schemes. The aggregate throughput for the uniform grouping scheme is increased with the 435 

sensing range in both the analytical and simulation models. The uniform grouping scheme analytical and simulation models are 436 

similar. Whereas the proposed grouping scheme performs better and gives constant aggregate throughput for MCS2 and MCS9 437 

coding schemes. The proposed scheme maintains consistent throughput for various sensing ranges. 438 

 439 

Figure 9. The average throughput and carrier sensing range. 440 

The effect of no of groups on the average throughput can be seen in Figure 10, where analytical model and simulation data have 441 

been used for different modulation schemes like MCS2 and MCS9. The throughput increases gradually as the number of groups 442 

reaches 50 and then decreases with the group size. The analytical and simulation results of the uniform grouping with various coding 443 

schemes show less throughput when compared with the proposed grouping scheme. We can see that the MCS2 coding scheme gives 444 

lesser average throughput when compared with the MCS9 coding scheme for both the grouping schemes when the number of groups 445 

increases. When the groups number starts increasing then the average throughput decreases, but the proposed grouping scheme 446 

performed better by giving better throughput when compared to the uniform grouping scheme. 447 



 

 

 448 

Figure 10. The average throughput vs. number of Groups. 449 

In Figure 11, the aggregate throughput with the number of devices has been compared for the uniform grouping scheme and the 450 

proposed grouping scheme. Both analytical and simulation results are been compared. In the result analysis, we can see that the 451 

throughput decreases when the number of devices increases. As the number of heterogeneous devices increases the average through- 452 

put starts decreasing for the uniform grouping scheme as well as for RSS scheme. The proposed grouping scheme shows better 453 

results and provides consistent throughput though the device number increases. The average throughput of the uniform grouping 454 

scheme has been reduced drastically when compared with the NNBG scheme for both MCS2 and MCS9 analytical and simulation. 455 

 456 

Figure 11. The average throughput vs. number of Devices. 457 

Table 3. Comparison of Throughput Prediction for various Optimization Techniques 458 



 

 

Model / Technique Prediction Er-

ror (%) 

Average 

Throughput 

(Mbps) 

Throughput Im-

provement (%) 

Adaptability to 

Hidden Nodes 

Remarks 

Analytical Model 8.4 6.72 — Low Static model; assumes 

fixed contention param-

eters; poor under varia-

ble traffic. 

MarkovChain 

Model 

5.9 7.05 +4.9 % Moderate Accurately models con-

tention but fails to 

adapt dynamically. 

Neural Networks–

Based Grouping 

(NNBG) 

4.6 7.28 +8.3 % High Improves throughput by 

intelligent grouping of 

stations; limited online 

adaptability. 

Deep Learning–

Based Throughput 

Prediction (DL-

TPM) 

2.7 7.85 +12.4 % Very High Learns nonlinear rela-

tions among parame-

ters; dynamically 

adapts CW and RAW 

parameters in real time. 

 459 

Table 3 summarizes the comparative performance of four throughput estimation and optimization techniques—namely, the analyt- 460 

ical model, the Markov chain model, the Neural Networks–Based Grouping (NNBG) scheme, and the proposed Deep Learning– 461 

Based Throughput Prediction Model (DL-TPM). Each method was evaluated based on its average throughput, prediction error, and 462 

adaptability under hidden-terminal conditions in dense IEEE 802.11ah-based IoV networks. The analytical model exhibits a mean 463 

prediction error of 8.4% and an average throughput of 6.72 Mbps, primarily due to its reliance on static contention parameters. This 464 

approach assumes uniform traffic and station behavior, making it inadequate for dynamic vehicular or heterogeneous IoT environ- 465 

ments. 466 

The Markov chain model provides a more realistic representation of the back-off process and channel contention, reducing the 467 

prediction error to 5.9% and improving throughput to 7.05 Mbps. However, it still lacks real-time adaptability, as its parameters 468 

remain fixed after initial configuration. The Neural Networks–Based Grouping (NNBG) scheme enhances throughput to 7.28 Mbps 469 

by intelligently clustering stations based on SNR and SINR, thus reducing intra-group collisions. The 4.6% error rate reflects its 470 

improved predictive capability over traditional models. However, NNBG alone does not dynamically adjust transmission parameters 471 

once groups are formed. 472 

In contrast, the proposed Deep Learning–Based Throughput Prediction Model (DL-TPM) achieves the highest average throughput 473 

(7.85 Mbps) and the lowest prediction error (2.7%), corresponding to an improvement of 12.4% over the analytical baseline. The 474 

model effectively learns nonlinear dependencies between network parameters and throughput, enabling the Access Point (AP) to 475 

adapt contention window size minCW , RAW slot duration and MCS level in real time. Its high adaptability under hidden-node 476 

conditions allows the network to maintain near-optimal performance even in dense or rapidly changing vehicular scenarios. Overall, 477 

the results confirm that the DL-TPM framework outperforms existing analytical, probabilistic, and neural grouping techniques, 478 

establishing it as a robust and intelligent throughput optimization approach for next-generation IEEE 802.11ah-enabled IoV net- 479 

works. 480 

6. Conclusion 481 



 

 

A neural networks based grouping scheme has been proposed for grouping the stations. The analytical model and simulation model 482 

have been evaluated for the throughput analysis. The average throughput for the uniform grouping scheme and the NNBG scheme 483 

can be observed in the performance evaluation section. The NNBG scheme performs better by giving more average throughput 484 

when compared with other schemes for several hidden terminals and other parameters. Still, some challenges, like analyzing the 485 

packet delay and energy harvesting methods in IoVs, have to be addressed by using different analytical frameworks. More effort is 486 

required to propose various analytical frameworks for analyzing various parameters in dense IoV networks.  487 

Numerous studies have examined the efficiency of IEEE 802.11ah networks in various scenarios involving network size, traffic 488 

type, and setting of important factors like the quantity and size of RAW slots, etc. Earlier publications assume that stations are static 489 

because they don't move over time. There is a research gap in finding the grouping strategies and frameworks for energy harvesting 490 

and measuring packet delay in mobility scenarios. So one can focus on designing the frameworks and grouping strategies for sus- 491 

tainable energy efficient 802.11ah networks. 492 
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