13638

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 9, SEPTEMBER 2026

ODGMAC: On-Demand Grouping-Based MAC for
Dense IoT Networks

Yusen Zhou, Wenjia Wu”, Hui Lv, Ming Yang

Abstract—In recent years, the Internet of Things (IoT) has
rapidly advanced, with applications ranging from smart homes
to industrial manufacturing, often involving densely deployed
nodes such as temperature and humidity sensors. Since these
nodes have limited computation and energy, the use of stuffed
Wi-Fi management frames for data transmission has emerged as a
promising way to avoid the association overhead of the traditional
transmission mode. However, this unassociated data transmission
mode continues to encounter significant channel contention in
dense deployments. To this end, we propose ODGMAC, an on-
demand grouping-based MAC solution that dynamically groups
transmission-awaiting nodes and allocates time slots on a per-group
basis, thereby enabling intra-group contention to improve trans-
mission efficiency and reduce node energy consumption. Firstly, we
present a fuzzy control-based algorithm at the access point (AP)
to dynamically identify nodes with transmission demands in the
current beacon period. On this basis, we then propose a hierarchi-
cal group-based time slot allocation methodology. Specifically, the
nodes are initially clustered according to their per-packet airtime
requirements. Within each cluster, we evenly partition nodes into
multiple groups and assign each group to a unique time slot for
channel contention, where the optimal slot count is determined by a
renewal-theory—based analytical model with a discrete search over
candidate counts. Finally, we implement the ODGMAC testbed
with one AP and 100 IoT nodes, and conduct real-world exper-
iments in a dense environment. The experimental results show
that our solution outperforms existing methods in terms of both
data delivery rate and node power consumption. Specifically, under
severe channel collision conditions, our solution achieves an average
increase of 14.77 % in data delivery rate and an average reduction
of 8.21% in node power consumption, while maintaining excellent
fairness. Moreover, extended simulations show that our solution
scales to 1000 nodes and maintains excellent performance under
node mobility.

Index Terms—Grouping-based MAC, dense IoT nodes, trans-
mission demand estimation, energy efficiency.
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I. INTRODUCTION

HE rapid development of Internet of Things (IoT) tech-
T nologies has significantly accelerated the transformation
and upgrading of traditional economies and societies toward dig-
italization and intelligence. According to GSMA statistics, the
total number of IoT connections worldwide is expected to reach
38.5 billion by 2030 [1]. It is clear that IoT applications have
become widespread, infiltrating various fields of production
and everyday life. For example, the traditional manufacturing
industry utilizes the data sensing and interconnectivity of nu-
merous [oT nodes to facilitate digital transformation, with smart
factories serving as a key component that can automatically run
entire production lines without human intervention [2], [3]. As
shown in Fig. 1, a large number of IoT nodes are deployed
densely in the smart factory, such as temperature and humidity
sensors, smoke sensors, and acceleration sensors. These sensors
collect environmental information, machine status, and other
data in real time, and then upload it to the cloud platform
through wireless access points (APs) for analysis and processing.
Hence, a wireless network that carries these dense IoT nodes is
fundamental and crucial for such IoT applications.

As one of the most popular wireless technologies today,
Wi-Fi has been widely deployed and applied in IoT scenarios
[4]1, [5]. A report by IoT Analytics indicates that 31% of global
IoT connections use Wi-Fi as their communication mecha-
nism [6]. Since most [oT nodes are lightweight with limited
computational and energy resources, a low data-rate transmis-
sion mode, that is, utilizing the information elements of the
management frames to stuff custom data to achieve unassociated
data transmission [7], is more suitable than the traditional Wi-Fi
transmission mode. The unassociated transmission mode can
reduce the overhead caused by the node maintaining the associ-
ation state, but still faces the challenges of channel contention in
dense scenarios. Therefore, it is of great significance to propose
the corresponding media access control (MAC) layer solution
for dense IoT nodes that use such unassociated transmission
mode.

Since dense IoT nodes access the wireless network at the
same time, their concurrent traffic intensifies the contention of
channel resources and increases the probability of data packet
transmission collisions, which in turn leads to a series of prob-
lems, such as loss of data packets, increased delay, and reduced
transmission rate in the network [8], [9], [10]. The currently
widely used Wi-Fi MAC protocol is carrier-sense multiple ac-
cess with collision avoidance (CSMA/CA), which cannot meet
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Fig. 1. High IoT node density in a smart factory. There are a large number of
10T nodes deployed here, responsible for regularly sampling the environmental
information and machine status, and transmitting it to the cloud platform via
wireless technologies.

the needs of concurrent communication of a large number of
nodes, and frequent contention can also lead to additional energy
consumption of nodes, thereby reducing their service life. To this
end, prior studies introduce the time division multiple access
(TDMA) mechanism for time slice division to strictly regulate
channel use [11]. At the same time, some researchers propose
the idea of group competition, which reduces the probability of
collisions of IoT nodes and reduces frequent channel contention
by setting a restricted access window (RAW) [12]. Meanwhile,
existing reinforcement learning (RL)-based MAC protocols typ-
ically employ a centralized training and decentralized execution
(CTDE) framework. By optimizing node rate control, adjust-
ing contention windows, or allocating channel resources, they
enhance network performance and node fairness metrics [13].

However, existing MAC schemes still cannot perfectly ad-
dress the issues of dense [oT scenarios under unassociated trans-
mission mode. Since the AP does not maintain the association
status of the nodes, it becomes difficult to accurately estimate
their transmission demands, and thus cannot make reasonable
channel resource allocation. Although there are some traffic
prediction methods [14], [15], [16], [17], [18], [19], [20], their
estimation strategies are conservative. In the face of deviations
caused by channel contention, they cannot converge quickly and
have poor anti-interference capabilities. Furthermore, existing
optimizations for channel access control in MAC protocols are
inadequate for the performance demands of dense scenarios. In
particular, RL-based solutions require complex state observa-
tions and substantial computations, making them difficult to de-
ploy on resource-constrained APs and IoT nodes [13], [21], [22].
Moreover, in dense scenarios, their decision-making latency is
also challenging to guarantee. Although various RAW-based
node grouping strategies have been explored to mitigate col-
lisions [12], [23], [24], the prohibitive overhead of dynamically
grouping massive dense nodes, combined with the challenges
of accurate modeling and conditional limitations, has resulted
in most validations being conducted only through simulations,
lacking real-world implementation and testing.

In this paper, we investigate the MAC mechanism for densely
deployed IoT nodes with Wi-Fi unassociated transmission mode,
and design an on-demand grouping-based MAC solution called
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ODGMAC to improve transmission efficiency and reduce node
energy consumption. First, we present a fuzzy control-based
algorithm at the AP to dynamically identify nodes with trans-
mission demands in the current beacon period. Then, we propose
ahierarchical group-based time slot allocation methodology. We
cluster nodes by their per-packet airtime requirements and then
optimize the number of slots for each group to maximize energy
efficiency while mitigating contention and collisions. The main
contributions of this paper are summarized as follows:

e We propose a fuzzy control-based transmission demand
estimation algorithm, which models node transmission
demands according to the characteristics of the unassoci-
ated transmission mode and utilizes a corresponding fuzzy
proportional-integral-derivative (PID) control framework
to predict node transmission demands in real time.

® We present a hierarchical group-based time slot allocation
methodology. Nodes are first clustered by their per-packet
airtime requirements. Within each cluster, we evenly par-
tition nodes into multiple groups and assign each group
to a unique time slot for channel contention. The optimal
number of time slots is determined by a renewal-theory—
based analytical model via a discrete search over candidate
counts.

e We implement the corresponding MAC solution called
ODGMAC and conduct real-world experiments in a dense
environment with one AP and 100 IoT nodes. The experi-
mental results show that our solution is superior to existing
methods in terms of both data delivery rate and node energy
consumption. Specifically, under severe channel collision
conditions, the average data delivery rate increases by
14.77% and the average power consumption is reduced
by 8.21% , with excellent fairness maintained. Moreover,
extended simulations show that our solution scales to 1000
nodes and maintains excellent performance under node
mobility. Our code is available at https://github.com/ilabot/
ODGMAC.

II. RELATED WORK

Recent advances in wireless networks have driven intensive
research on dense IoT deployments, targeting higher channel uti-
lization and improved energy efficiency under severe contention
and collision. We first review Wi-Fi for IoT with unassociated
transmission, then survey traffic prediction methods, and finally
discuss MAC-layer channel access control and grouping strate-
gies.

A. Wi-Fi for IoT Networks

Wi-Fi technology relies on complex modulation and coding
techniques, along with the high-overhead mechanisms of the
802.11 protocol, to achieve high throughput. However, these
features make it less suitable for IoT nodes with limited com-
putational and energy resources. To enable lightweight and
low-power Wi-Fi data transmission, some researchers have
dedicated significant efforts to developing various solutions.
Since WiFi requires nodes to wake up regularly to receive the
AP’s beacon frames and maintain association, which inevitably
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increases their energy consumption. To mitigate the additional
overhead caused by association, some researchers have proposed
optimized node wake-up mechanisms [25], [26], [27], [28].
Meanwhile, other studies have shifted their focus to management
frame stuffing, introducing an innovative unassociated transmis-
sion mode.

Chandra et al. [29] first propose three stuffing schemes for
beacon frames, which operate through the use of the service set
identifier (SSID), the basic service set identifier (BSSID) and the
vendor-specific information element (VSIE) fields. By stuffing
these fields with customized content, many applications such
as information publishing and passive indoor positioning can
be realized [30], [31], [32], [33]. Later, Jaisinghani et al. [7]
propose a response mechanism of probe request and probe
response to achieve reliable data transmission and communi-
cation, providing an effective unassociated transmission mode
for low-power IoT nodes. On this basis, they take into account
the complex conditions of the channel and propose a solution for
channel adaptability [34]. Through reasonable channel selection
and dynamic transmission interval adjustment, they realize an
adaptive transmission mechanism to cope with changes in chan-
nel conditions, and it can coexist with existing Wi-Fi networks
in a scalable manner. In addition, Abedi et al. [35] conduct a
fine-grained analysis and research on the power consumption
characteristics of the existing power saving mechanism of Wi-Fi
and the proposed unassociated communication protocol Wi-LE
and low-power Bluetooth (BLE). The evaluation results show
that the power consumption of Wi-LE is similar to that of BLE.

B. Traffic Prediction

Resource allocation relies on accurate, real-time prediction of
end-to-end network traffic. Traditional statistical model-based
traffic prediction methods have been proposed to track the linear
and nonlinear characteristics of end-to-end network traffic [14].
However, these methods are not suitable for scenarios with dense
deployment of IoT nodes. The primary reason is that [oT traffic in
such environments exhibits significant irregular fluctuations due
to channel congestion, making it difficult for a single model to
fully account for these uncertainties. Meanwhile, machine learn-
ing has been widely applied to traffic prediction, enabling the
capture of various traffic characteristics. Qiu et al. [15] focus on
the spatiotemporal traffic characteristics of wireless networks,
and design a recursive neural network for traffic prediction, con-
sidering both short-term and long-term dependencies. However,
these approaches are also unsuitable for [oT networks due to the
need for extensive infrastructure deployment and their reliance
on prior information for sampling. Furthermore, deep learning-
based methods [16] and RL-based methods [17] have emerged to
address the traffic prediction problem. However, these methods
primarily adopt passive estimation strategies that depend on
historical data collection, making them particularly unreliable
under channel congestion. As a result, they fail to effectively
handle the complexities of such IoT traffic, where severe channel
contention significantly affects prediction accuracy.

Therefore, some researchers propose traffic prediction ap-
proaches based on active allocation, which can mitigate the
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impact of channel contention and dynamically adapt to changing
channel conditions. These approaches require real-time adjust-
ment of the receiving frequency to align with the traffic patterns
of IoT nodes, preventing excessive data accumulation at the
nodes and reducing the risk of packet loss. For example, Shehab
et al. [18] propose a traffic prediction framework for IoT nodes,
which takes advantage of the traffic correlation in event and time
dimensions, and employs a forward algorithm within a hidden
Markov model (HMM) to predict the activation probability of
each IoT node, allowing resource allocation to the node with
the highest transmission probability. However, this algorithm
requires sufficient historical data. For IoT nodes with low cor-
relation and high variability in traffic patterns, it is necessary to
increase the dimensions of the HMM model to address the is-
sue, which significantly increases computational complexity. To
simplify the complexity of model learning, Tian et al. [19] adopt
the strategies of additive increase and multiplicative decrease to
adjust the predicted transmission period. When a transmission
failure occurs (i.e., a transmission opportunity is scheduled
but no data is received), the predicted value is increased by
twice the number of consecutive failures, allowing the interval
to expand more rapidly. Conversely, when a transmission is
successful (i.e., a transmission opportunity is scheduled and the
data is received), the predicted value decreases by one, thereby
reducing the interval. On this basis, they further utilize the
“More Data” header field and the cross-slot boundary feature
to gain a deeper understanding of traffic status and accelerate
traffic prediction [20]. However, this approach still has certain
limitations. It relies heavily on predefined rules and employs a
conservative adjustment strategy. Consequently, it exhibits slow
convergence in the presence of channel-interference-induced
deviations, thereby weakening its anti-interference capability.

C. Channel Access Control

With the popularity of IoT nodes and the development of
wireless technologies, the vast majority of IoT nodes trans-
mit data using a wireless network, making the already scarce
channel resources even more constrained. The traditional MAC
layer technology, CSMA/CA, is clearly unable to solve this
problem. As the number of nodes increases, the probability of
transmission collisions increases dramatically. For traditional
802.11b/g/n networks, some researchers have conducted exper-
iments to evaluate network performance under dense node con-
ditions, and have verified its impact on channel contention [36],
[37], [38]. In addition, Ganji et al. [10] build a real IoT testbed
to perform comprehensive measurements on the performance
of 802.11n/ac’s MAC, and clarify the impact of the density and
type of IoT traffic.

Currently, some researchers have improved the CSMA/CA’s
performance to meet the requirements of dense nodes. For ex-
ample, Cordeschi et al. [39] propose a new CSMA strategy with
conflict avoidance, which balances the contention probability
and channel access time, named Delay-Collision CSMA. It
is a time-slot non-persistent CSMA/CA with a non-uniform
contention probability distribution, aiming to simultaneously
reduce the delay of competitors and maintain a high access

Authorized licensed use limited to: Southeast University. Downloaded on August 06,2026 at 23:14:49 UTC from IEEE Xplore. Restrictions apply.



ZHOU et al.: ODGMAC: ON-DEMAND GROUPING-BASED MAC FOR DENSE IoT NETWORKS

success probability. Modad et al. [11] introduce TDMA to solve
the delay problem caused by frequent collisions, and propose
a multi-channel hybrid CSMA/CA with adaptive TDMA en-
hancement, where one channel is only used for user association
using CSMA/CA and other channels are used for user data
transmission using TDMA to avoid interfering with the asso-
ciating users. Furthermore, Fami et al. [40] propose a slicing
solution for enterprise Wi-Fi networks, and perform dynamic
user association to maximize the total throughput of the network
with respect to different IoT requirements, which employs a
RL algorithm to calculate the best matching strategy in near
real time. The aforementioned research works have only been
implemented and evaluated in simulation experiments, while im-
plementation in real-world environments remains challenging.
Moreover, these optimized CSMA/CA solutions increase the
protocol complexity and lead to higher energy consumption in
network nodes, making them unsuitable for energy-constrained
IoT nodes.

For wireless transmission in IoT networks, the IEEE 802.11
working group has introduced the 802.11ah protocol, operating
below 1 GHz. This protocol incorporates several innovative
MAC layer technologies, including RAW, hierarchical associ-
ation identification (AID), and traffic indication map (TIM).
The RAW mechanism involves the concept of node grouping,
which aims to reduce the probability of contention collisions
between nodes by limiting the same group of nodes to compete
for channels in the allocated time slots. The 802.11ah protocol
does not specify a clear grouping rule, and performs equal group-
ing based on the association order. However, since different
nodes have varying traffic demands, such simple grouping can-
not effectively reduce the probability of contention collisions.
Therefore, some researchers investigate the grouping strategy
of the RAW mechanism. Tian et al. [19] propose a real-time
grouping strategy to optimize RAW parameters by analyzing the
current traffic conditions. However, this scheme only considers
uniform and saturated network conditions. In addition, they use
the proxy model method [23], [24] to improve the model to
support different modulation and coding schemes (MCS) of the
node. Compared with the traditional CSMA/CA, they increase
throughput by approximately 43% . Chang et al. [12] believe that
the performance of grouping is closely related to the different
traffic requirements of the nodes, and propose a load-balanced
grouping algorithm to improve the channel utilization of each
group. By assuming that the traffic demand of the node is known
and limiting the number of RAW groups, the node distributes
evenly to different RAW groups according to the time the traffic
occupies the channel. Furthermore, they propose a traffic-aware
IoT node grouping algorithm [41]. Based on the throughput
results of two extreme cases (i.e., saturation state and each RAW
group only sends one data packet), they derive a regression
model of competition success probability under different traf-
fic demands, thereby determining the number and duration of
RAW groups under any traffic. Similarly, Marcelli et al. [42]
propose a Multi-way Karmarkar-Karp (KK) based grouping
algorithm, which takes into account the heterogeneity of sensor
traffic demands and minimizes the difference in transmission
time sums across groups, thereby achieving a more balanced
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load compared to greedy approaches. Although these schemes
effectively address the channel contention model under different
traffic demands, such fixed-group designs, combined with equal
slot durations and prior-known demand assumptions, limit scal-
ability and adaptability in dense 10T scenarios, as the optimal
grouping must be recalculated when the scenario changes. In
addition, in a real environment, the traffic demand of the node
changes due to channel conditions and time, and the assumption
of known traffic demand becomes too idealistic. To solve the
complex modeling problem of the avoidance and concession
process of node competition channels, some researchers propose
using deep reinforcement learning (DRL) methods [43], [44]
to self-learn and optimize the RAW grouping parameters, and
some researchers also propose using probabilistic statistical
methods [45], [46] to simplify the complex modeling of the
channel contention process. For example, Taramit et al. [46] use
the renewal theory to solve the grouping solution for maximiz-
ing channel utilization, but it depends on homogeneous traffic
patterns.

Furthermore, some studies employ DRL to design MAC
protocols that mitigate channel contention in dense networks.
Yu et al. [21] propose DLMA, a DRL-based MAC protocol for
heterogeneous time-slotted networks. It adopts a central gateway
to coordinate the nodes as a virtual big agent for near-optimal
performance without prior knowledge of coexisting MACs. Al-
though effective, its assumptions of saturated traffic and reliance
on centralized coordination limit its applicability in resource-
constrained or lightweight IoT scenarios. Nisioti et al. [22]
design a coordinated RL-based MAC protocol under irregular
repetition slotted ALOHA (IRSA), where the global Q-function
is decomposed over a coordination graph and joint actions are
selected via max-sum message passing on the IRSA-induced
bipartite graph. Although pruning strategies are employed to re-
duce computational cost, the protocol’s per-frame coordination
and convergence checks still incur substantial latency, hindering
its deployment on resource-constrained devices. Moon et al. [13]
present Neuro-DCEF, a multi-agent reinforcement learning based
CSMA controller that uses centralized training with a graph
neural network critic. Although its decentralized actors achieve
gains over standard protocols without control-plane messaging,
the framework suffers from high computational overhead and
is constrained by parameter sharing in heterogeneous environ-
ments. Consequently, lightweight grouping strategies that avoid
computationally intensive learning are preferable for resource-
constrained IoT networks.

In contrast to computationally intensive DRL methods and
probabilistic models that assume homogeneous traffic, appro-
priate node grouping strategies can adapt to traffic heterogeneity
in dense deployments, thereby maximizing channel utilization
and reducing node energy consumption.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a dense IoT network consisting of an AP and a
large number of IoT nodes, where the transmission demands of
the IoT nodes are heterogeneous. We first present a transmission
demand estimation model and an energy consumption model.
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TABLE I
SUMMARY OF KEY NOTATIONS
Notations Definition Notations Definition
I set of dense IoT nodes t beacon-period index
N total number of nodes n:(t) data sampling interval
Ti(t) node 4’s transmission demand at beacon ¢ T!(t) node 4’s transmission estimate at beacon ¢
Si(t) node ¢’s packet receiving state at beacon ¢ M;(t) | node ¢’s “More Data” flag at beacon ¢
l; node ¢’s packet length R; node ¢’s transmission rate
D; node 7’s per-packet airtime requirement T8 duration of a beacon period
FEsuce energy consumption in the successful time units EcouL energy consumption in the collision time units
EipLe energy consumption in the idle time units EE energy efficiency
K total number of time slots in a beacon period Ts duration of time slot s
c set of clusters EE3°T | energy efficiency of each time slot in cluster ¢ € C
T, duration of cluster ¢ Tsor duration of each time slot in cluster ¢
” - Bytes: 28 1 1 3 variable 4
e o et o i MAC Header | Category FUblic | Organization | Vendor Specific | ¢

loT nodes _ -~~~ /1 R
o 7 R

(@ @0 @000 [0 G0 O O} O O

(@0 O 00000 O B0 O] 0 O

[0 @0 B0l O O O] o O

{00 00 B0 00l B0 O O O O
e — — =
time slot t time'slot t time slot ¢

Fig. 2. A dense IoT network with an AP and a large number of IoT nodes,
where the AP allocates transmission opportunities based on the current trans-
mission demands of the nodes, and each node awaiting transmission uses its
uplink to transmit data to the AP.

Based on these models, we then formulate the corresponding
transmission demand estimation problem and the channel re-
source allocation problem. Table I summarizes the key notations
used in this paper.

A. Network Model

As shown in Fig. 2, we consider a dense IoT network with a
single AP and a large number of IoT nodes. Densely deployed
IoT nodes transmit their sensed data through wireless AP in
the network, and the AP aggregates uplink traffic from each
node to the cloud platform for processing. Due to differences in
node functionalities, the sampling frequencies of their sensed
data vary, resulting in heterogeneous transmission demands.
Hence, the AP needs to allocate channel resources according
to the current transmission demands of the nodes, and does
not allocate transmission opportunities to nodes that currently
do not require transmission. To improve resource utilization
efficiency under heterogeneous transmission demands, the AP
performs slot-based channel resource allocation within each
beacon period. Specifically, the beacon period is partitioned into
multiple contention time slots, and nodes that currently have
transmission demands are assigned to designated slots, limiting
their competition to these specific intervals. This slotted arrange-
ment can mitigate collisions and reduce energy consumption.

From the loT nodes to the AP:

Sensor
Data

. More
l=sanp Data Flag

Vendor Specific

Content From the AP to the loT nodes:

Time Slot Arrangements

Fig. 3. Frame format for the unassociated transmission mode. We select a
vendor-specific public action frame for custom data stuffing, where the Vendor
Specific Content field carries sensor data for IoT nodes and time slot arrangement
information for the AP.

In addition, the AP and IoT nodes operate in the unassociated
transmission mode. To ensure compliance with the 802.11 proto-
col specification, we utilize a vendor-specific public action frame
for custom data stuffing. The specific format of the action frame
is illustrated in Fig. 3, where the Vendor Specific Content field
serves as the designated stuffing area, its length being restricted
by the maximum allowed MMPDU size. The [oT nodes stuff
sensor data, while the AP stuffs the information about time slot
arrangements.

B. Transmission Demand Estimation Model

In order to efficiently allocate transmission opportunities to
IoT nodes, it is necessary to predict the transmission demand
of each node in real-time on the AP side. Therefore, the AP
estimates the transmission demand of each node once per beacon
period, and allows nodes with current demands to transmit data
in the next period. The set of dense IoT nodes is defined by I,
and the beacon-period index is defined by ¢. Assume that the
total number of nodes is N, i.e., |I| = N. For current beacon
period ¢, each node ¢ € I has a relatively fixed data sampling
interval, denoted by the integer 7);(t). For any node 4, its current
transmission demand (i.e., transmission interval) is defined as
T;(t), where 1 < i < N.Ideally, the transmission demand T (t)
should equal its data sampling period n;(¢), i.e., T;(t) = n;(¢).
The AP estimates the node’s transmission demand based on the
reception status .S;(¢) and the “More Data” flag M;(t) from the
data packet header, and the predicted value is denoted by 77 (t).

As shown in Fig. 4, we present the transmission demand
estimation model. The packet receiving state S;(t) € {0,1},
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Next transmission opportunity
l |
AP notification Transmission Demand Estimation
))) M Reception status ﬁ ﬁ “More Data” flag

Node; Sensordata | = 0 5. M0

Packet Information
Extraction

Data Reception
Statistics

Data packet

Fig. 4. Transmission demand estimation model. For node ¢ in beacon period
t, the reception status S; (¢) € {0, 1}, where 1 indicates a successful data packet
reception and O indicates failure. Failures occur either due to no new data packets
in the node’s queue or interference. The “More Data” flag M;(t) € {0,1}
indicates whether there are additional data packets awaiting transmission.

the value of 1 means that the data packet sent by the target
node is received within the time of the scheduled transmission
opportunity, while the value of 0 is the opposite, indicating that
the transmission opportunity is scheduled but the target data
packet is not received. Reception failure mainly occurs in the
following two situations: the first is that there is no new data
packet generated in the node transmission queue and the packet
cannot be sent, which means that the current estimated value
T!(t) is too small and needs to be increased over time; the second
is that there is a data packet sent on the node side but the AP
cannot receive it due to interference factors such as channel
contention. The occurrence of this situation is regarded as a
disturbance factor for the stability of the system. The “More
Data” flag M;(t) € {0,1} is determined by the corresponding
flag bit in the header of the received data packet. When the flag
bit value is 1, it indicates that there is additional data waiting
for transmission in the queue on the current node side, and
the current estimated value 7T}(¢) should be reduced as soon
as possible to clear the node queue; otherwise, it indicates that
the node’s transmission queue is empty at the current moment,
which is an ideal state, and the current estimated value 77 (¢)
should be maintained. This enables the AP to estimate the node’s
transmission demands in real time.

C. Energy Consumption Model

IoT nodes with data to transmit in the current beacon period
are active nodes. For active node 14, its traffic pattern is char-
acterized by the packet length /; and the transmission rate R;.
We use D; to represent the time that the node needs to occupy
the channel to complete this transmission, also referred to as its
per-packet airtime requirement. According to the IEEE 802.11
standard, D; is defined as:

Di = (li + lACK)/Ri + tsips + 2tPLCP (1)

where [ ok is the length of the acknowledgment frame, ¢ is
the short inter-frame space, and tp,p is the preamble time.

To better characterize the node’s energy consumption, it is
necessary first to model its process of accessing the channel.
Discrete time is adopted, and a time unit represents the basic
time duration in the channel. For a set of g nodes, the nodes need
to compete for the channel to transmit data at the same time, so
the mean analysis method [47] can be used to represent their
transmission probability. According to the CSMA/CA protocol,
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the maximum number of retransmissions R.x, the minimum
contention window size CWy,;, and the maximum contention
window size C'W,x can be obtained. Therefore, the probability
7 that a node transmits in an idle channel can be defined as:
,__ ER @
E[B] + E[R]
where E[B] and F[R)] are the average number of backoffs and
the average number of attempts to transmit a packet, respectively.
For each data packet, given the conditional collision probability
p, it follows a truncated geometric distribution with a success
probability of 1 — p. Therefore, E[R] and E[B] can be obtained
as follows:

Rmax_l Rmax
BIR = 3" r(1=pp" + Ruap™ ' =35t )
r=1 r=1
1 RmaX71
E[B] =5 Y min(2 " CWiin, CWana) (1~ p)p’™
r=1
1
=+ 92 min(QR"‘“fICWmina CWmaX)pRmXil
Rinax
= 5 Z min(?TﬁlCWmin, CWmax)pT71 (4)
r=1

In the case of network saturation, for a total of g nodes, the
transmission probability of each node is 7, and the conditional
collision probability can be defined as p=1— (1 — 7)1
Furthermore, combined with (2), the probability of the channel
being idle, successful, and failed (i.e., collision) when g nodes
compete for the channel in a time unit can be defined as:

Ppie = (1 - T)g (5)
Psyee = gT(l - T)g_l (6)
g
_ 9\ _k(q _ \g—k
Peow = kz::z <k>7' (1—71)9 (7)

The sum of the three probabilities is always equal to 1.
Therefore, according to the probability that the time units are
in different states, the time for the three states can be calculated
within a contention time slot, that is, the number of successful-
transmission time units Usycc, the number of collision time units
Ucowr, and the number of idle time units Uy . « denotes the
length of one time unit.

In addition, the power consumption of the node in different
states is defined, such as the power consumption of channel
listening ey sren, the power consumption of data transmission
erx, and the power consumption of idle waiting e;p, . In this way,
the energy consumption corresponding to all competing nodes
in different states of time units within the specified duration is
calculated, which are defined as the energy consumption Egycc
in the successful time units, the energy consumption Ecop in
the collision time units, and the energy consumption Eip;; in the
idle time units. The specific definitions are as follows:

Esvce = Usyee - - (eTX + (.9 - 1) : eLISTEN) ®)
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Ecour = UcoL -+ g+ (T cerx + (1 - 7') : eLISTEN) C))
(10)

Epig = Upe - - g - epie

D. Problem Formulation

The design of an on-demand grouping-based MAC mecha-
nism focuses on two fundamental problems: transmission de-
mand estimation and channel resource allocation. These prob-
lems are formally formulated as follows.

1) Transmission Demand Estimation (TDE) Problem: We
consider a dense IoT network with a set of nodes denoted by
I =1{1,2,...,N}. The data transmission of the nodes is peri-
odic due to the sampling period of the sensors on the nodes. This
transmission cycle represents the node’s transmission demand,
which exhibits a certain level of stability. At the same time,
due to the functional differences of the sensors on the nodes, the
transmission demands of the different nodes also vary. The TDE
problem requires the AP to predict the transmission demand of
each node 7 € I based solely on the header information of the
received packet, that is, to accurately estimate the data sampling
interval of the node. Meanwhile, the estimated value should
converge quickly.

For node 7 in beacon period ¢, the AP adjusts its estimated
transmission demand 77 (¢) using decision variable z;(t):

Ti(t) = T;(t = 1) + (1) (1D
where the adjustment strategy for the decision variable x;(t) is
based on the following conditions:

1) S;(t) = 1and M;(t) = 1: The AP receives a data packet
from node 7. The value of the “More Data” flag in its
header is 1, indicating that the previous estimate is too
large, causing the node data packet to accumulate in the
transmission queue. x;(¢) should be a negative value to
reduce the estimated value.

2) S;(t) =1 and M;(t) = 0: The AP receives a data packet
from node 7. The value of the “More Data” flag in its header
is 0, indicating that the previous estimate is already quite
close, but there will still be estimation deviations. z;(t)
should be 0 to maintain the estimated value.

3) Si(t) = 0: The AP does not receive the data packet from
node 7 as expected, indicating that the previous estimate is
too small and it is not yet time to schedule the transmission
opportunity, that is, the transmission queue of node ¢ has no
packet to send. z;(¢) should be a positive value to increase
the estimated value.

When z;(t) remains 0 for d consecutive beacon periods, we
consider the estimated value to have converged to the true value.
Therefore, we formulate the objective of the TDE problem as
finding a prediction strategy X; = {x;(1),2;(2),...,2;(r)} for
each node ¢, minimizing the index of convergence beacon period
r to enable T (r) to reach T;(r), i.e.,

min{r | Vj € 0,d), Ti(r = j) = Ti(r =)}~ (12)
where d is a tunable parameter representing the required num-
ber of consecutive beacon periods for which the condition
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T!(r — j) = Ti(r — j) must be satisfied in order to confirm
convergence.

2) Channel Resource Allocation (CRA) Problem: In a dense
scenario where a large number of active nodes with saturated
traffic demands compete for channel access, we define the set of
these nodes as I, which exhibit heterogeneous traffic patterns,
i.e., different packet sizes and transmission rates. The CRA
problem requires the AP to perform an allocation strategy within
the limited channel resources to reasonably arrange the saturated
heterogeneous traffic of the nodes.

This allocation strategy is executed once per beacon period.
For each beacon period, it involves the division of time slots and
the scheduling of active nodes in each time slot. Multiple nodes
are scheduled in a time slot to compete for the channel. The set
of time slots S = {1,2,..., K} is defined, where K is the total
number of time slots in a beacon period, that is, |S| = K. The
duration of each time slot s € S is defined as T, and the set
of nodes allocated in the time slot is defined as I,. Therefore,
the time period allocation strategy for channel resources can be
definedas: F' = {(T1, 1), (T2, I2), ..., (Tk, Ik )}, where each
active node must be allocated to a time slot, i.e.,

K
thh
s=1

I NI =0,Vs1,82 €8, s1# s2

13)

(14)

In addition, the division of time slots must also meet the
channel resource constraints:

K
> T, =Ts
s=1

where T§ is the duration of a beacon period.

In addition, for any node ¢ assigned to the time slot s, its
per-packet airtime requirement D; is also satisfied, that is, this
transmission can be completed within 7. Therefore, the mini-
mum transmission duration constraint is expressed as follows.

5)

Ts > D; Viel (16)

Combined with the above energy consumption model, the
energy efficiency F'E for time slot s in a beacon period can be
defined, considering the duration of T and the set of nodes I.

S
E succ

FE, =
E§yec + Eéorr + Eibve

A7)

The objective is to find an allocation strategy ' that maxi-
mizes the mean value of energy efficiency in all contention time
slots.

1 K
— 5" EB,

subject to: (13), (14), (15), (16) (18)
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Fig. 5. Overall framework of ODGMAC. On the AP side, it predicts the
transmission demands of IoT nodes according to their transmission status. On
this basis, it clusters the IoT nodes and further divides each cluster’s allocated
period into multiple equallength time slots, with nodes evenly assigned so that
each group corresponds to one slot. Hence, the ODGMAC mainly consists of
three parts: transmission demand estimation, airtime requirement-aware node
clustering, and intra-cluster grouping with slot allocation.
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Fig.6.  Process of fuzzy PID-based transmission demand estimation algorithm.
The PID controller is responsible for adjusting the output value in time according
to feedback, the fuzzy controller guides the control parameters of the PID
controller, and the mapping rules increase the change range of the feedback
value.

IV. ODGMAC

To address the aforementioned problems, we propose our
MAC solution called ODGMAC for dense IoT nodes in wireless
networks.

A. Framework of ODGMAC

In this paper, we need to address the TDE problem and the
CRA problem sequentially. After further analysis of the prob-
lems, we find that the CRA problem is difficult to solve directly.
This is because as the number of nodes increases, the solution
space expands dramatically, making the cost of obtaining an
optimal solution prohibitively high. In order to meet the real-time
requirements of resource allocation, we adopt a hierarchical
strategy. First, we cluster nodes according to their per-packet
airtime requirements, since allocating nodes with similar airtime
requirements to compete for the channel is a reasonable way
to maintain contention fairness. Subsequently, time slots are
allocated to the nodes within each cluster. Given that their
airtime requirements are identical, the solution space for this
allocation problem is significantly simplified. Therefore, we
design the overall framework of ODGMAC as shown in Fig. 5.
The AP receives data from the IoT nodes, and then extracts the
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reception status and the “More Data” flag from the data packets
to predict their transmission demands. Transmission demand
estimation determines the active nodes, which are then subject
to further processing. The per-packet airtime requirement of
each active node is obtained from its packet length, and these
nodes are clustered to form traffic-homogeneous groups. Within
each cluster, nodes are then evenly partitioned into per-slot
groups. Finally, we optimize only the per-cluster slot count via
a renewal-theory-based analytical model with a discrete search
over candidate counts, which reduces contention and improves
energy efficiency while keeping the decision space deployable
on resourceconstrained APs.

Based on the above, the core process of ODGMAC includes
transmission demand estimation, airtime requirement-aware
node clustering, and intra-cluster grouping with slot allocation,
as detailed below.

1) Transmission Demand Estimation: The AP predicts the
transmission cycle of each node based on the data packet
reception status and the “More Data” flag.

2) Airtime Requirement-aware Node Clustering: The AP first
calculates the airtime required by each node. Then, it
organizes nodes with similar requirements into clusters.
Finally, it allocates a time period to each cluster in pro-
portion to the cluster’s total requirement.

3) Intra-cluster Grouping with Slot Allocation: For each
cluster, the AP determines the optimal number of time
slots and groups the cluster’s nodes accordingly, all guided
by the energy efficiency metric.

B. Transmission Demand Estimation

According to the transmission demand estimation model in
Fig. 4, we design the corresponding transmission demand esti-
mation algorithm to achieve a fast and accurate estimation of
node transmission demand based on the packet reception status
information on the AP side.

Inspired by the idea of the PID controller and fuzzy control
strategy, the transmission cycle of each node can be accurately
predicted. The process is presented in Fig. 6. The input of the
controlled object is the estimation value of node i’s transmission
cycle T/(t) calculated by the algorithm based on historical
feedback, and the output of the controlled object is the state
feedback y; () obtained by the AP side based on S; () and M, (),

which is defined as follows:
1 if S;(¢t) =1land M;(t) =1
yi(t) =<0 if S;(t) =1and M;(t) =0
-1 if S;(t) =0

19)

Specifically, r;(¢) is the expected feedback value for system
stability. According to the state feedback y; (), when y;(t) = 0,
the AP successfully receives the node data packet, and the node
does not have cached packets, indicating that the current esti-
mation value is close to the true value, i.e., 7;(t) = 0. Based on
the difference between the expectation and feedback, the current
deviation value e, (t) can be obtained, i.e., ;(t) = r;(t) — y: ().
However, due to the small range of change in e, (t), the feedback
information that can be transmitted to the PID controller is
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TABLE II
Fuzzy RULE TABLE

E EC
NB NM NS 70 PS PM PB

NB PB/NB/PS PB/NB/NS PM/NM/NB | PM/NM/NB | PS/NS/NB | ZO/ZO/NM Z0/Z0/PS
NM PB/NB/PS PB/NB/NS PM/NM/NS PS/NS/NM | PS/NS/NM | ZO/ZO/NS NS/PS/Z0

NS PM/NB/ZO | PM/NM/NS | PM/NS/NM PS/NS/NM | PS/NS/NM | ZO/ZO/NS NS/PS/Z0

70 | PM/NM/ZO | PM/NM/NS PS/NS/NM Z0O/ZO/NS PS/NS/NS | NM/PM/ZO | NM/PB/ZO
PS PS/NM/ZO 70/Z0/Z20 Z70/70/20 Z70/Z0/20 NS/PS/Z0O NM/PB/PS NM/PB/ZO
PM PS/Z0/PB Z0/Z0/PM NS/PS/PM NM/PM/PS | NM/PB/PS NM/PB/PB NB/PB/PS

PB NB/PB/PB NB/PB/PB NB/PB/PB NB/PB/PB NB/PB/PB NB/PB/PB NB/PB/PB

insufficient to improve the control response speed. Therefore,
a mapping rule is defined based on the original e;(t) to obtain
the new deviation value F;(t), i.e.,

Ei(t) = {ei(t)

if e;(t) x e;(t—1) <0
ei(t) + Ei(t — 1) ifei(t) x et — (20)

(t—1)>0

The fuzzy controller calculates appropriate control parame-
ters under different combinations of deviation values and devi-
ation change rates, specifically the proportional coefficient <,
integral coefficient K;, and derivative coefficient /4. This is
a process of fuzzification, fuzzy inference, and defuzzification,
requiring the establishment of corresponding input-output mem-
bership functions and fuzzy rule tables. First, the input deviation
value E;(t) and deviation change rate EC;(t) are fuzzified.
In fuzzy control, triangular membership functions are often
used for fuzzifying input variables, mapping actual continuous
input values to fuzzy subsets, thus providing clear and operable
inputs for fuzzy inference and control strategies. The triangular
membership function divides the input into seven different fuzzy
subsets: Negative Big (NB), Negative Medium (NM), Negative
Small (NS), Zero (Z0O), Positive Small (PS), Positive Medium
(PM), and Positive Big (PB). Then, fuzzy inference is performed
based on the fuzzy rule base, where specific fuzzy rules are
shown in Table I, defining the fuzzy values of control parameters
K, K;, and K; under the fuzzy combination of deviation value
FE and deviation change rate FC'. This fuzzy rule-based control
strategy allows the system to make reasonable control decisions
in the face of uncertainty and fuzziness, thereby improving the
robustness and adaptability of the system. Finally, the weighted
average method is used for defuzzification to obtain the specific
control parameter values K,,, K;, and K, under this input.

The PID controller adjusts the output according to the com-
bination of the proportional, integral, and derivative values of
the deviation. Hence, the above three control parameters K,
K;, and K, will affect the output of the PID controller for the
estimation value of transmission cycle 77 (t), i.e.,

Ti(t) = KpEi(t) + K; ZEi(t) + Kq(E;(t) — Ei(t — 1))
0
21

The detailed process of fuzzy PID-based transmission demand
estimation is shown in Algorithm 1.

Algorithm 1: PID-Based Transmission Demand Estimation.

Input: S;(t), M;(t)
Output: T/ ()

1 begin

2 if S;(¢t) =1 then

3 if M;(t) =1 then
4 | yilt) + 1

5 else

6 | yi(t) <0

7 end

8 else

10 end

—
oy

ei(t) < 0 —wi(t)

if €i(t) . ei(t — 1) < 0 then

else
| Eit) < ei(t) + Bi(t - 1)

end

Perform fuzzy calculation on F;(t) and EC;(t) to
obtain K, K;, Ky

19 T!(t) is obtained using Equation (21)

20 | return T)(t)

21 _end

e e e e e e
e NN AW N

C. Airtime Requirement-Aware Node Clustering

The high density and massive scale of the IoT nodes lead to
a vast solution space for the CRA problem. Hence, we adopt
a practical density-plus-mean clustering heuristic to make the
problem more tractable. For node clustering, we evaluate the
per-packet airtime requirement of each node according to (1),
and cluster nodes with similar requirements using a clustering
algorithm. If a cluster exhibits an overly wide airtime spread,
secondary clustering is applied to refine its range.

Specifically, the density-based clustering algorithm OPTICS
is initially employed. Known for its robustness against noise
and minimal sensitivity to input parameters, OPTICS achieves
superior clustering performance and effectively identifies out-
liers. By defining two key parameters, that is, the domain radius
eps and the neighbor number threshold min Pts, it enables the
identification of clusters ranging from dense to sparse regions.
However, because of the closely distributed data densities, the
algorithm may produce excessively wide ranges. To address this
issue, a clustering range threshold scopeLimit is introduced.
Clusters exceeding this threshold undergo secondary clustering
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Algorithm  2: Node

Clustering.

Imput: 7 ={1,2,...,N}, l;, R, EAST, T!, &cur, €DS,

minPts, scopelLimit

Output: C
1 begin
Q<10
for i <~ 1 to N do

if 5T+ T < Ecur then

D (I; + lACK)/R’i + tsies + 2tpLcp
Q+ QU{(, D)}

Airtime  Requirement-Aware

end
end
Using parameters eps and minPts, apply OPTICS
clustering on (@ to get set X
10 for x € X do

R e I N )

11 for i € x do

12 Dmin ¢ min (DM D)

13 DM« max (DI D;)

14 end

15 scope < DMax — pmin

16 if scope > scopeLimit then

17 k < [scope/scopeLimit]

18 Using parameter k, apply K-Means
clustering on x to obtain set Y

19 C+—Cuy

20 end

21 else

2 | C+ Cu{z}

23 end

24 end

25 return C'

26 end

using the mean-based K-Means algorithm, which refines the
clustering process and ensures a more constrained range for each
cluster.

Additionally, due to the varying transmission cycles of nodes,
only a subset of nodes have data to transmit during a beacon
period. For node 7 in a beacon period, its next transmission
opportunity is calculated using the last successful transmission
timestamp &5 and the estimated transmission cycle 7). The
set of nodes currently awaiting transmission, denoted as @), is
determined by comparing the current timestamp &cyr With the
estimated transmission time. Subsequently, the corresponding
clustering algorithm is applied to the set @) to derive the node
clustering for the current beacon period. The detailed pro-
cess of airtime requirement-aware node clustering is shown in
Algorithm 2.

D. Intra-Cluster Grouping With Slot Allocation

Based on node clustering, we first allocate channel resources
to each cluster according to its current per-packet airtime re-
quirements, dynamically partitioning the beacon period into per-
cluster allocated periods. Specifically, the set of clusters is de-
fined by C, with its size denoted as M, i.e.,C ={1,2,...,M}.
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A beacon period Ty is preliminarily allocated for these groups.
For each cluster ¢ € C, the duration of its allocated time period,
denoted by T, is determined by the number of nodes in the
cluster and their average per-packet airtime requirement. That is,

__NDe
Soely NeDe

where N, is the number of nodes in cluster ¢, and D, is the
average per-packet airtime requirement.

Given that nodes within a cluster exhibit similar requirement
characteristics, they are evenly partitioned into multiple groups,
with each group corresponding to a unique equal-length time
slot. In particular, the time duration 7 needs to be evenly divided
into multiple time slots, and the number of time slots is denoted
by K.. Hence, the length of each time slot is denoted by 75T,
ie.,

Ty (22)

C

T
K.

In this way, contention occurs only within the assigned slot.
This clustering-then-grouping arrangement reduces collisions
while keeping the solution space of the CRA problem compu-
tationally feasible.

To improve energy efficiency, it is also essential to optimize
time slot division. Reducing the number of time slots increases
the number of nodes competing for channel access within each
slot, leading to more potential collisions. Conversely, dividing
the time slots too finely results in fewer nodes competing per
slot, which reduces the transmission probability per slot. Addi-
tionally, shorter time slots limit the number of transmissions
that can occur within each slot, thereby decreasing channel
utilization efficiency. Consequently, the number of time slots
in a cluster directly influences the number of nodes competing
within the same slot, which in turn determines the probability
of transmission collisions among nodes.

In order to characterize the distribution of channel contention
states within a time slot and determine the optimal parameters for
energy efficiency, we employ a probabilistic statistical approach
based on renewal theory. Renewal theory models a counting
process for events whose occurrence probabilities follow an
independent and identical distribution. Each event occurrence
is termed a renewal, and the number of renewals within a
specified time interval can be calculated. Since transmissions
of nodes assigned to the same time slot can be approximated
as independent and identically distributed, renewal theory can
provide a suitable framework to characterize each time slot by
estimating the expected number of transmission events occurring
within the time slot [46].

In this paper, we use discrete time, that is, a time unit rep-
resents the basic time duration in the channel, typically 20
ps. As shown in Fig. 7, the duration of a transmission event
consists of idle time units and busy time units, where the idle
time is variable-length and the busy time is fixed-length. Hence,
the duration of the transmission event can be expressed by the
formula y = za + 3, where x is a random number following
a geometric distribution, « is the length of a time unit, and 3
is the time required for data transmission, that is, 8 = D, for

SLOT __
T =

(23)
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Fig. 7. In the duration of a time slot 75-°", there are n transmission events

described by renewal theory, i.e., Y1, Y2, ..., Yn, Where « is the length of the
channel time unit, and 3 is the time required for data transmission.

Fig. 8.  We construct a dense experimental testbed comprising 100 IoT nodes
and one AP. The IoT nodes are arranged in clusters of five on each board, with
each node implemented as an energy-efficient ESP32C3 module. The AP is
built on an Intel J4125 x86 architecture platform integrated with a Qualcomm
QCA9880 wireless network interface card, running the OpenWrt open-source
routing system.

the cluster c¢. The occurrence time of data transmission events
follows a geometric distribution, and the renewal theory can be
used to calculate the expected number of transmission-occupied
in a time slot, i.e., E[U(T5°")]. During an event, busy time
units can be either time units with successful transmissions
or time units with collisions, and thus the probability of the
time units being in different states is calculated according to
(5), (6), and (7), and the expected number of time units that
are successful, collision, and idle within the 75-°" time can be
derived as follows:

B - E[U(TZ")] - Psucc

EUsucc(T2")] = =~ (1 - Prore) .
CE[U(T°0)] - Pegyy

B[Uegr, (T57)] = p OE : él < P)] )co (25)
TSLOT _ R[{J (TSLOTY] .

E[UIDLE(TCSLOT)] _ te [ ( c )] g (26)

o

The number of nodes in each group within cluster c is denoted
by g, i.e., g = N./K,, and the value of E[U(T5°")] can be
obtained by probability calculation:

E[U(T¢)]
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SLOT
Te

SV
=y > (3 ; )(1—PIDLE)ZP]%LE @7
i=1 =0

The outer sum over i = 1,..., | Ts-°" /3] enumerates all fea-
sible counts of renewals that can fit in the slot. For a given 1,
the inner sum over j accounts for all admissible totals of idle
units preceding these ¢ busy periods such that i3 + jo < T54OT.
Since the per—time-unit idle probability is P g, each idle-run
length is geometric with success parameter (1 — Pp,). Hence
the total number of idle units in the i-th iteration follows a
negative-binomial law with probability distribution (* +j’:71) (1—
RDLE)iH%LE'

From the above analysis, we obtain the energy consumption
for the three states inatime slot, i.e., Esoe ", Eear", and EGC".

ESCGSCIEOT =E [USUCC (TCSLOT)] Qe (e'rx + (g - 1) . eLISTEN) (28)

Eg(,)s&cr =E [UCOLL (TCSLOT)] Qg (7' serx + (1 - 7') . eLISTEN)
(29)

EI%E::UT =E [UIDLE (TCSLUTH * Q- g - CpLE (30)
Thus, using (17), the energy efficiency for this time slot is
given as follows.

F6SLOT

E ESLOT _ SuUCC
c - c,SLOT c,SLOT c,SLOT
ESI}CC + ECE)LL + EID’LE

3D

In addition, we find that an excessively large K. value will
lead to a significant reduction in transmission opportunities
for a cluster, due to unusable time fragments in the slots. To
this end, we incorporate a weighting coefficient Y. into the
optimization objective, which is defined as the expected number
of transmissions over the entire time period of cluster c¢. While
this coefficient’s influence is limited when K. is small, its value
drops significantly when K. is excessively large. As a result, the
optimization process penalizes overly large values of K.

Y. = K, - B[U(TS")] (32)

Therefore, the CRA problem for a single cluster can be
formulated as follows.

max Y.-EES"

c

1.
LIS K. < |—

C

(33)

Clearly, the solution space of the problem is limited to discrete
values of K., and the optimal value can be obtained via a simple
search strategy. Algorithm 3 shows the detailed process to obtain
the optimal number of time slots for cluster c.

In summary, by determining the number of time slots for each
cluster to maximize energy efficiency, a reasonable allocation of
channel resources is achieved. This approach not only mitigates
channel collisions and reduces node energy consumption but
also accommodates heterogeneous per-packet airtime require-
ments.
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Algorithm 3: Intra-Cluster Grouping With Slot Allocation.
Input: N., D., T.

Output: K,
1 begin
2 kmax <~ TC/D(:
3 Omax < 0
4 for k < 1 to k. do
5 T3 « T /K
6 g <« N./k
7 Obtain Piprg, Psuce, and Peorr by Eq. (5), (6)
and (7)
8 Compute E[U(T5°T)] according to Eq. (27)
9 Compute EES°" according to Eq. (17)
10 Y.<+ k- E[U(T"))
1 if Opgy < Yo - EES°T then
12 Omax < Y. - EESFT
13 Kpest < k
14 end
15 end
16 Kc — kbesl
17 return K.
18 end

V. PERFORMANCE EVALUATION

In this section, we present empirical evaluations conducted in
real-world scenarios to assess the efficacy of the proposed ODG-
MAC solution, with particular emphasis on two critical perfor-
mance metrics: data delivery rate and node power consumption.
The experimental results confirm the superior performance of
our proposed solution in real-world environments.

A. Experiment Setup

We construct a dense experimental testbed comprising 100
IoT nodes and one AP, as shown in Fig. 8. The IoT nodes
are arranged in clusters of five on each board, with each node
implemented as a low-power ESP32C3 module featuring a
160 MHz single-core RISC-V processor, 400 KB SRAM, and
4 MB flash memory. The AP is built on an Intel J4125 x86
architecture platform integrated with a Qualcomm QCA9880
wireless network interface card, running the open-source rout-
ing system OpenWrt.! The ODGMAC solution is implemented
through secondary development of the Wi-Fi management frame
data stuffing and the wireless user access software package
hostapd.? The experimental setup is deployed in a 15 m? indoor
environment, where the 20 boards (100 nodes) are arranged in
a b x 4 grid pattern with the AP positioned at the center of
the node array. Node power consumption is measured using
two Monsoon AAA10F power monitors. The detailed parameter
settings of the experimental environment and the algorithms are
provided in Tables IIT and IV, respectively. Specifically, node
power consumption parameters are obtained from platform mea-
surements under node transmission/listening/idle states, while

Uhttps://openwrt.org/
Zhttps://w1.fi/hostapd/
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TABLE III
PARAMETERS OF EXPERIMENTAL ENVIRONMENT
Parameter Value
Wi-Fi Protocol Standard 802.11b
Beacon Period T 200 ms

Estimation Convergence Parameter d 3

Length of Channel Time Unit o 20 ps
ACK Frame Length [scx 14 B
Short Inter-Frame Spacing tsirs 10 ps
PLCP Preamble Length tpycp 96 us
Node Idle Power Consumption eipig 32 mW
Node Transmission Power Consumption erx 1100 mW
Node Listening Power Consumption ejstenx 270 mW

IoT Node Number N 100
IoT Node Sampling Period 7; () 10/30/50 T'g
IoT Node Data Packet Size 1;(t) 20/150/320 B
IoT Node Transmission Rate R;(t) 1/2/5/11 Mbps

TABLE IV
ALGORITHM PARAMETERS

Parameter Value

Default Proportional Coefficient K, 1.8

Default Integral Coefficient K; 1.2

Default Derivative Coefficient Ky 0
Neighborhood Radius & 150 ps

Minimum Number of Neighbors minPts 4
Grouping Range Threshold scopeLimit 300 ps

the remaining parameters are chosen based on IoT traffic char-
acteristics and empirical tuning. For example, a shorter beacon
period would markedly increase channel occupancy and energy
usage, whereas a longer one would degrade responsiveness to
queue dynamics.

Our proposed ODGMAC consists of three processes: trans-
mission demand estimation, airtime requirement-aware node
clustering, and intra-cluster grouping with slot allocation, which
correspond specifically to the three algorithms described above.
In the experiments, we compare it with the following three
existing MAC solutions.

® TaGA: The traffic-aware grouping algorithm [41] derives a
regression-based analysis model to estimate the probability
of successful competition under heterogeneous traffic and
uses this probability to balance channel utilization of each
group. However, this algorithm relies on the assumption
that the traffic demands of the nodes are known in ad-
vance. Therefore, to enable comparative analysis with our
proposed solution, our transmission demand estimation
algorithm is implemented in conjunction with the TaGA
solution.

e E-TAROA: Tian et al. [20] adopt the strategies of additive
increase and multiplicative decrease to adjust the predicted
transmission period, and propose an adaptive grouping
optimization algorithm that combines the “More Data” flag
to accelerate traffic estimation.

e MW-KK: The Multi-way KK based grouping algo-
rithm [42] sorts sensors in descending order based on their
transmission time requirements and iteratively combines
subsets to minimize the workload difference between the
most and least loaded groups. Similar to the TaGA solu-
tion above, we also incorporate our transmission demand
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Fig. 9. Performance of transmission demand estimation. After 8 rounds of
iterations, the transmission demand estimation of the node initially converges,
and the prediction tends to be stable in subsequent iterations.

estimation algorithm into the solution implementation so
as to facilitate the comparison of solutions.

B. Experiment Results

We first evaluate the performance of the transmission demand
estimation algorithm in isolation, and then assess the perfor-
mance of the overall ODGMAC solution.

1) Performance of Transmission Demand Estimation: To
evaluate the accuracy of Algorithm 1 in predicting node trans-
mission demand, the data sampling period of 100 IoT nodes is
set to be evenly distributed from 5 to 54 beacon periods, and the
average accuracy is calculated under different available channel
resource conditions, where the available time for transmission
in a single beacon period is set to 20 ms, 40 ms, and 80 ms. The
shorter the time, the fewer the available channel resources. The
accuracy is defined as the ratio of the predicted value T}(t) to
the true value 7;(t).

As shown in Fig. 9, after 8 rounds of iterations, the nodes’
transmission demand estimation initially converges, and the
prediction tends to be stable in subsequent iterations. As the
available channel resources decrease, channel collisions in-
crease, and more packet loss will cause the predicted value to be
greater than the true value. Overall, the algorithm is capable of
rapid convergence and accurate prediction of the nodes’ current
transmission demands.

2) Analysis of System Overhead: To verify ODGMAC’s suit-
ability for resource-constrained platforms, we evaluate its com-
putational overhead in terms of additional latency and CPU
utilization. The experimental setup features a beacon period
with an available transmission time of 80 ms. Each packet has
a payload of 120B and is transmitted at a rate of 1 Mbps. The
number of nodes is varied from 10 to 100 in steps of 10.

Fig. 10 presents the latency for the three phases of ODGMAC,
that is, transmission demand estimation, airtime requirement-
aware node clustering, and intra-cluster grouping with slot al-
location. As shown in the figure, ODGMAC introduces very
low additional latency. Even with 100 nodes, the total latency
remains well below 1 ms, satisfying the real-time requirements
of the MAC solution.

IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 25, NO. 9, SEPTEMBER 2026

—e— Transmission demand estimation
Airtime requirement-aware node clustering
—+— |ntra-cluster grouping with slot allocation

M

10 20 30 40 50 60 70 80 90 100
Number of nodes

Fig. 10. Latency of the three phases with a varying number of nodes. The la-
tency for all phases remains low across different number of nodes, demonstrating
the system’s efficiency for resource-constrained environments.

Additionally, the CPU utilization introduced by ODGMAC
remains extremely low, consistently measuring below 0.1% .
This confirms that even lightweight APs can handle the added
computational burden without strain.

3) Impacts of Channel Conditions and Traffic Patterns: We
evaluate the performance of ODGMAC in terms of data delivery
rate and node power consumption. The data delivery rate is
defined as the ratio of the number of packets received by the AP
to the number of packets generated by the node. The node power
consumption is obtained by monitoring the entire process using
the power monitor. The average power consumption is obtained
by sampling the average power performance of 10 IoT nodes (at
different distances from the central AP) in the same period of
time. These two metrics collectively form the basis for validating
the energy efficiency (EE) objective in our mathematical model
(31), where a higher delivery rate indicates larger proportion
of energy consumption is used for effective transmission, and a
lower node power reflects reduced total energy consumption.

To comprehensively evaluate the effects of diverse channel
conditions and traffic patterns, systematic experiments are con-
ducted on four critical dimensions: available channel resources,
packet payload size, packet transmission rate, and data sampling
period. In particular, the packet payload size is specifically con-
figured based on statistical analysis of traffic patterns observed
in real IoT nodes [48].

Asillustrated in Fig. 11, the experimental results demonstrate
a clear correlation between the available channel resources
and the performance metrics. As available channel resources
increase, the substantial reduction in channel collisions leads to
two significant performance improvements, i.e., a correspond-
ing improvement in the average delivery rate and a decrease
in average power consumption. Notably, the system maintains
robust performance even under severe channel collision condi-
tions (the available channel resources are 20 ms), achieving an
impressive average data delivery rate of 86.35% . Furthermore,
the evaluation of various traffic patterns, including packet pay-
load size, packet transmission rate, and data sampling period,
reveals minimal impact on both the average delivery rate and
power consumption metrics, indicating the system’s resilience
to diverse traffic patterns.
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Impacts of channel conditions and traffic patterns. Even in the case of severe channel collisions, the average delivery rate of the nodes can reach 86.35%

. In addition, diverse traffic patterns have little effect on the average data delivery rate and node power consumption.

4) Impact of Heterogeneous Traffic: To validate the efficacy
of node clustering, we conduct experiments under diverse het-
erogeneous traffic scenarios. The experiments incorporate three
distinct traffic modes for IoT node configuration:

® Model 1: We set the packet payload to 20B, set the trans-

mission rate to 5 Mbps, and set the sampling period to 40
beacon periods.

® Model 2: We set the packet payload to 150B, set the

transmission rate to 2 Mbps, and set the sampling period
to 30 beacon periods.

® Model 3: We set the packet payload to 320B, set the

transmission rate to 1 Mbps, and set the sampling period
to 20 beacon periods.

Based on these predefined modes, we establish five hetero-
geneous traffic scenarios by systematically varying the propor-
tional distribution of traffic modes across IoT nodes.

As demonstrated in Fig. 12, the proposed solution main-
tains consistently robust performance across various hetero-
geneous traffic scenarios. The observed minor performance
variations can be primarily attributed to the progressive in-
crease in overall transmission demand within the network
environment.

5) Performance Comparison: We compare our solution with
three existing approaches, and evaluate the performance under
diverse available channel resources (i.e., channel collision lev-
els). The heterogeneous traffic configuration refers to the 1:2:2
scenario in the previous experiments.
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Fig. 12.  Impact of heterogeneous traffic. Our solution can achieve good per-
formance in different heterogeneous traffic scenarios. There is a slight difference
in performance, it is due to the impact of overall transmission demand growth.

In addition to delivery rate and power consumption, we also
use Jain’s Fairness Index [49] to evaluate the fairness of node
delivery rate. Specifically, let ¢; denote the delivery rate of node
1, and the JFI over all N nodes is computed as

(34)

where a higher JFI value (ranging from O to 1) indicates greater
fairness in the delivery rates allocated to each node.
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Fig. 13.  Performance comparison. Especially in the case of severe channel
congestion, our solution ODGMAC improves the average delivery rate by
14.77% , 197.70% and 100.02% respectively compared with TaGA, E-TAROA
and MW-KK, and reduces the average power consumption by 8.30% , 23.45%
and 8.21% , while maintaining high delivery fairness across nodes.

Fig. 13 illustrates the performance comparison under varying
channel conditions. When available channel resources exceed
50 ms, indicating a low channel collision level, all four methods
achieve an average delivery rate surpassing 95% . However, a
distinct performance divergence emerges as channel resources
diminish and collision frequency escalates. In particular, under
severe channel collision conditions, the proposed solution ODG-
MAC demonstrates significant performance advantages, i.e., it
improves the average delivery rate by 14.77% , 197.70% and
100.02% compared to TaGA, E-TAROA and MW-KK, and re-
duces average power consumption by 8.30% ,23.45% and 8.21%
, respectively. Meanwhile, ODGMAC s JFI consistently approx-
imates 1, indicating excellent fairness. This is especially evident
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under severe channel collision conditions, where it markedly
surpasses E-TAROA and MW-KK. Overall, these performance
improvements under challenging channel conditions validate the
efficacy, robustness and fairness of the proposed approach.

Through further analysis of the experimental results, we find
that E-TAROA exhibits significant limitations in processing
cached data packets within node queues, primarily attributed
to its slow convergence rate in transmission demand estimation
and inadequate poor anti-interference ability. These technical
constraints lead to substantial data accumulation, forcing nodes
to maintain continuous channel monitoring and preventing them
from entering sleep state, consequently resulting in elevated
energy consumption. Although TaGA demonstrates improved
overall performance by employing Algorithm 1 (proposed in
this paper) for transmission demand estimation, it remains con-
strained by its reliance on a fixed packet number configuration.
For MW-KK, balancing the aggregate transmission time across
groups does not guarantee that contention intensity within each
group is concurrently balanced. MW-KK handles heterogeneous
traffic by concentrating numerous small-packet nodes with a few
large-packet nodes to equalize transmission time. This results
in some groups with intensely concentrated contention. Under
limited channel resources, this concentration exacerbates colli-
sions, backoffs, and retransmissions, severely undermining both
the overall packet delivery rate and system fairness. These com-
parative results further substantiate the superior performance of
our proposed solution in handling heterogeneous traffic patterns
and operating in dense network environments.

VI. EXTENSIVE SIMULATION

To comprehensively evaluate the performance of our proposed
ODGMAC solution, we conduct extensive simulations using
the ns-3 network simulator, building upon an existing IEEE
802.11ah module [50]. The primary objective is to compare
ODGMAC against the standard 802.11ah RAW mechanism in
large-scale, dense IoT scenarios.

A. Simulation Setup

We consider a simulation scenario with one AP and 1000
IoT nodes, where the payload size for these nodes is varied
among 32B, 64B, 128B and 256B to reflect common IoT data
patterns. To evaluate network performance under varying lev-
els of traffic saturation and channel contention, we construct
multiple scenarios, each with a predefined total traffic demand.
The total demand is then randomly distributed across all nodes
to simulate sporadic and heterogeneous traffic patterns. For the
baseline 802.11ah RAW configuration, we employ a single RAW
Parameter Set, which divides the beacon period into 4 RAW
slots, thereby allocating channel resources uniformly among the
nodes. Simulations are performed under two distinct network
scenarios: a static scenario, where all nodes remained station-
ary, and a mobile scenario, where nodes move according to a
random-walk mobility model within a 1000m x 1000 m area,
while moving from —500 m to 500 m relative to the centrally
placed AP at the speed of 1 m/s.
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TABLE V
SIMULATION PERFORMANCE COMPARISON

Network Scenario

Average Power Consumption (mW)

Average Delivery Rate (%)

Type Traffic Demand ODGMAC ah-RAW ODGMAC ah-RAW
0.08 87.32 433.47 99.7 74.51
Static 0.1 101.82 561.67 99.54 68.65
0.12 355.94 672.13 88.11 65.26
0.04 61.32 81.08 99.48 91.6
Mobile 0.06 87.19 216.09 98.65 61.34
0.08 278.84 366.65 55.48 42.71

B. Results and Analysis

The performance comparison between ODGMAC and the
standard ah-RAW is summarized in Table V, focusing on two
critical metrics: average node power consumption and packet
delivery rate.

In static scenarios, ODGMAC exhibits a significant ad-
vantage. As the traffic demand increases from 0.08 Mbps to
0.12 Mbps, the power consumption of ah-RAW rises signif-
icantly from 433.47 mW to 672.13 mW, whereas ODGMAC
maintains much lower consumption, peaking at 355.94 mW
under the highest load. More importantly, ODGMAC sustains a
high delivery rate of over 99.5% for demands of 0.08 and 0.1,
only dropping to 88.11% at the 0.12 demand level. In contrast,
the delivery rate for ah-RAW starts lower at 74.51% and further
declines to 65.26% , highlighting its inefficiency in managing
contention among a large number of static nodes.

ODGMAC's superiority is even more pronounced under mo-
bile scenarios. At a low demand of 0.04 Mbps, both protocols
perform well, yet ODGMAC consumes less power (61.32 mW
vs. 81.08 mW). However, as demand increases to 0.06 and
0.08 Mbps, the performance of ah-RAW deteriorates sharply,
with its delivery rate dropping sharply to 61.34% and 42.71% ,
respectively. In contrast, ODGMAC demonstrates significantly
more robust performance. It maintains a delivery rate of 98.65%
at 0.06 Mbps. Although experiencing a drop at 0.08 Mbps, it
remains significantly more effective than ah-RAW. This con-
firms that our on-demand grouping and slot allocation strategy
is highly effective in mitigating collisions and managing the
challenges introduced by node mobility.

In summary, our simulations validate that ODGMAC signifi-
cantly outperforms the standard 802.11ah RAW mechanism. It
achieves a higher packet delivery rate and lower power consump-
tion in various large-scale static and mobile IoT deployments.
These results position ODGMAC as a highly adaptable and
efficient MAC solution for dense IoT networks.

VII. DISCUSSION

The proposed ODGMAC solution is primarily designed for
dense IoT scenarios characterized by periodic reporting, such as
smart factories where massive sensors regularly upload environ-
mental information or machine status. It introduces trade-offs in
airtime efficiency, traffic adaptability and grouping optimality,
as discussed below.

Data rate under unassociated transmission: The unasso-
ciated transmission mode is designed for lightweight IoT
nodes with low-to-moderate data rates. It operates by using
management-frame stuffing, which eliminates the overhead of
association establishment and maintenance. However, because
the IEEE 802.11 standard mandates that management frames
be transmitted using mandatory basic rates and prohibits the
use of advanced frame formats, this approach cannot lever-
age modern PHY/MAC enhancements available in association-
based data transmission. Specifically, our ODGMAC solution
is unable to utilize features such as MU-MIMO/OFDMA,
frame aggregation, and Block ACK. These limitations
stem from the compatibility-oriented design of management
frames, thereby rendering the solution unsuitable for highrate
devices.

Adaptability to traffic dynamics: Industrial IoT sensing and
status reporting typically follow fixed sampling routines, which
generate periodic traffic with relatively stable or slowly varying
transmission demands over time. The fuzzy PID-based demand
estimation is well-suited to this pattern by utilizing closed-loop
feedback to effectively track gradual trends, suppress short-term
fluctuations induced by channel contention, and avoid overly
aggressive estimation updates, thereby providing stable and
reliable demand estimations. However, under event-driven or
highly bursty traffic, demand can shift abruptly. In such cases, the
feedback-based estimation inherently requires several schedul-
ing cycles to converge, leading to a transient degradation in
the accuracy of airtime demand estimation until the controller
re-converges.

Optimality in hierarchical grouping: The CRA problem is
inherently complex and computationally challenging in dense
deployments, primarily due to the vast combinatorial search
space. To render this intractable problem manageable, ODG-
MAC decomposes CRA into a two-stage hierarchical method-
ology: it first clusters nodes by per-packet airtime demand and
then determines each cluster’s slot count using a renewal-theory-
based mathematical model. By pre-grouping nodes into airtime-
homogeneous clusters, this strategy substantially narrows the
decision space, which in turn improves solving efficiency and
leads to superior performance over existing methods. How-
ever, this two-stage decomposition, though necessary to manage
complexity, can result in locally optimal solutions in certain
cases. For instance, overly fine-grained clustering can restrict
subsequent grouping options, potentially trapping the allocation
in a local optimum.

Authorized licensed use limited to: Southeast University. Downloaded on August 06,2026 at 23:14:49 UTC from IEEE Xplore. Restrictions apply.



13654

VIII. CONCLUSION

In this paper, we investigate the channel access control prob-
lem for densely deployed IoT nodes, with the objective of re-
ducing transmission collisions and improving energy efficiency.
To solve this problem, we propose an on-demand grouping-
based MAC solution called ODGMAC. First, we model node
transmission demand by the characteristics of the unassociated
transmission mode, and further develop a fuzzy PID-based
algorithm to estimate node transmission demand, enabling real-
time prediction. Then, we perform a hierarchical slot alloca-
tion methodology. The nodes are first clustered based on their
per-packet airtime requirements, and then evenly partitioned
within each cluster into per-slot groups for channel contention.
Finally, experimental results show that our solution is superior
to existing methods in terms of both data delivery rate and
node power consumption. Specifically, under severe channel
collision conditions, our solution achieves an average increase
of 14.77% in the data delivery rate and an average reduction
of 8.21% in node power consumption, without compromising
fairness among nodes. Moreover, extended simulations confirm
that ODGMAC effectively scales to 1000-node networks and
maintains high performance under node mobility.

In the future, we plan to consider multi-AP scenarios, and
investigate the joint AP coverage and MAC-layer resource allo-
cation problem.
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