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ABSTRACT The crisis of energy supplies has led to the need for sustainability in technology, especially in
the Internet of Things (IoT) paradigm. One solution is the integration of passive technologies like Energy
Harvesting (EH) into IoT systems, which reduces the amount of battery replacement. However, integrating
EH technologies within IoT systems is challenging, and it requires adaptations at different layers of the IoT
protocol stack, especially at the Medium Access Control (MAC) layer due to its energy-hungry features.
Since Wi-Fi is a widely used wireless technology in IoT systems, in this paper, we perform an extensive
set of simulations in a dense solar-based energy-harvesting Wi-Fi network in an e-Health environment.
We introduce optimization algorithms, which benefit from the Reinforcement Learning (RL) methods to
efficiently adjust to the complexity and dynamic behaviour of the network. We assume the concept of Access
Point (AP) coordination to demonstrate the feasibility of the upcoming Wi-Fi amendment IEEE 802.11bn
(Wi-Fi 8). This paper shows that the proposed algorithms reduce the network’s energy consumption by up
to 25% compared to legacy Wi-Fi while maintaining the required Quality of Service (QoS) for e-Health
applications. Moreover, by considering the specific adjustment of MAC layer parameters, up to 37% of the
energy of the network can be conserved, which illustrates the viability of reducing the dimensions of solar
cells, while concurrently augmenting the flexibility of this EH technique for deployment within the IoT
devices. We anticipate this research will shed light on new possibilities for IoT energy harvesting integration,
particularly in contexts with restricted QoS environments such as passive sensing and e-Healthcare.

INDEX TERMS Medical Internet of Things, access point coordination, sleep/wake-up, machine learning,
reinforcement learning, energy harvesting technologies, passive communications.

I. INTRODUCTION
According to Cisco, approximately 30 billion connected
Internet of Things (IoT) devices will exist by the end
of 2023 [1], this fast development and deployment of
IoT ecosystems, from smart cities to smart agriculture,
have a negative impact on the environment and planetary

The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.

resources [2]. One crucial factor in mitigating these harmful
effects is sustainability, which can be conducted through
various passive technologies such as Energy Harvesting (EH)
techniques. EH technologies are environment-friendly and
reliable approaches that have the ability to expand the lifespan
of IoT devices, enable multifunctional wireless networks,
while also diminishing the disadvantages of conventional bat-
teries. The wind and solar photovoltaic capacity experiences
a threefold growth, surging from approximately 75 GW in
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2020 to 230 GW by 2030 [3]. In addition, EH technologies
are the leading part of the Net Zero 2050 project [4],1

in which the trade-off between emitted greenhouse gases
to the atmosphere and the amount of removed greenhouse
gases from the atmosphere is balanced. On the one hand,
Medical IoT (MIoT) allocates 20% of the global IoT
systems [5], and on the other hand, healthcare is responsible
for 4-5% of the emissions of greenhouse gases. Thus,
using these technologies in MIoT delivers a threefold
advantage: reducing the amount of greenhouse gas emis-
sions [6], lowering maintenance costs, and improving human
well-being [7].
An illustrative example of the importance of the EH in

MIoT can be presented in a pandemic situation, such as
the COVID-19 crisis in 2020. Hospitals’ total capacity was
nearly occupied by patients needing special medical care,
and thus, field hospitals or mobile medical units had to be
quickly assembled under critical circumstances. Since one
essential issue in establishing mobile medical units is to
provide reliable and adequate energy sources, cooperating
energy harvesting technologies (solar cells, piezoelectric, and
thermoelectric harvesters) might assist in offering sustainable
communications and energy sources, especially for medical
devices and monitoring systems.

Pursuing sustainability in Information and Communication
Technology (ICT), specifically wireless communications,
is a concerning issue where carbon-based energy carriers
fuel systems. It has been estimated that around 80% of
greenhouse gas emission is due to carbon-based energy
carriers (fossil fuels such as coal, oil, natural gas, gasoline,
and diesel fuel) [8]. As stated by the authors in [9], wireless
communication constitutes 75% of ICT, with wireless being
the predominant mode of communication in IoT systems.
Wireless communications presently contribute to 4% of
the total global CO2 emissions, which is projected to
rise due to the growing number of connected devices.
To reduce the emission of greenhouse gases, it is necessary
to understand the energy requirement of the systems and
minimize the usage of these energy carriers, whether by
introducing EH technologies and renewable energy carri-
ers or applying energy-efficient methods. In this regard,
selecting an appropriate wireless technology and integrating
it with a proper EH technique in terms of power density
and form factor is essential for successful integration.
Optimization algorithms such as channel adaptation or
energy-aware routing algorithms have been used to reduce
energy consumption at different layers of the IoT protocol
stack. However, since Medium Access Control (MAC) layer
operations consume most of the wireless communication’s
energy budget, this layer can benefit more from optimization
algorithms such as channel access optimization methods.
Given that advanced energy optimization methods involve

1The theUnitedNations (UN) and the Intergovernmental Panel onClimate
Change (IPCC) lead in promoting net zero emissions. The 2015 Paris
Agreement, under the UNFCCC, urges nations to achieve net zero emissions
by the latter half of the 21st century.

the consideration of increasingly complex features, the
significance of Machine Learning (ML) algorithms in this
context cannot be underestimated.

IEEE 802.11, commonly referred to as Wi-Fi, is the
dominant wireless communication technology in indoor IoT
systems (it is reported that 51% of the wireless commu-
nication in 2022 belongs to Wi-Fi communication [10]).
The channel access method of legacy IEEE 802.11 includes
the contention-based Enhanced Distributed Channel Access
(EDCA) mechanism, which defines four Access Categories
(AC) for provisioning Quality of Service (QoS) for different
traffic types based on the MAC layer parameters. The afore-
mentioned EDCA mechanism is used to support service dif-
ferentiation by assigning different Contention Window (CW)
sizes, transmit opportunity (TXOP), Arbitration Inter-Frame
Space (AIFS), and retransmission limit value. However,
it faces inherent issues of using static parameters assignment
of CW size AIFSN, TXOP limit, and retransmission limit
without taking into consideration the current status of ACs
as well as the number of stations competing to gain access
to the shared channel. In addition, there might be another
issue, where stations can act selfishly and choose a very
small CW in order to increase their channel access [11].
This results in a decrease in channel access opportunities for
well-behaved stations. Lastly, EDCA does not differentiate
between applications with the same traffic type but different
levels of QoS requirements. This means that applications
with high QoS requirements may experience higher latency
or packet loss than applications with low QoS requirements.
Consequently, these issues affect the manner in which the
stations contend to access the shared channel, which leads
to more collisions and thus impacts the overall performance
of the network. These issues become a complex problem
in dense deployments, which are characterized by frequent
collisions [12]. The increased collision rate can impact energy
consumption as they need retransmissions and activating
collision avoidance mechanisms, leading to increased energy
usage. Therefore, integrating EH techniques with a dense
Wi-Fi network in a medical environment poses significant
challenges due to collisions and increased energy consump-
tion, making it a complex problem. Moreover, the existing
IEEE 802.11 channel access mechanism with predefined
MAC layer parameter configurations is unable to meet the
specific QoS requirements mandated in medical settings.
Despite these obstacles, exploring the implementation of EH
techniques in such networks remains essential to unlock their
potential benefits.

In recent years, ML algorithms have demonstrated a
powerful capability to improve and evolve optimization
problems from classical optimization methods in wireless
networks [13]. For instance, features such as the Access Point
(AP) coordination mechanism in Wi-Fi 7 and beyond can
reduce the network’s energy consumption by coordinating
the schedules of the transmission time between APs, and
reducing the overall delay of the network [14]. To meet this
feature, complex configurations, and non-linear optimization
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are required that can be fulfilled through ML-based algo-
rithms. Thus, ML algorithms are necessary, particularly
in the MAC layer operations and mechanisms, to make
the configuration dynamic, flexible, and energy-efficient
for dense and heterogeneous networks while provisioning
QoS requirements. Furthermore, these algorithms can play
a crucial role in optimizing the MAC layer to support EH
techniques. By leveragingML, the MAC layer can adaptively
adjust parameters based on real-time network conditions
and harvested energy availability. This integration of ML
and EH enables intelligent resource management, reducing
collisions, improving energy efficiency, and maximizing the
benefits of energy harvesting in wireless networks. Through
efficient resource allocation and intelligent energy manage-
ment, ML-enhanced MAC layer operations help in enabling
a more sustainable approach to wireless communication by
minimizing energy waste and prolonging the lifespan of
battery-powered devices.

To the best of our knowledge, this is one of the first
papers that tries to achieve sustainability in IoT-based
QoS-restricted2 dense MIoT scenarios. Three ML-based
algorithms are proposed which intend to guarantee the QoS
requirements - End-to-End delay (E2E delay) and Packet
Loss Ratio (PLR) - while maximizing the total remaining
energy of the network and consequently reducing the
emission of the greenhouse gases. This article is recapitulated
in the following contributions:

• We propose novel RL-based optimization algorithms for
a solar-based Wi-Fi system in a medical IoT scenario.

• We assume the AP coordination concept from the
upcoming Wi-Fi amendment (IEEE 802.11bn) while
supporting backward compatibility with the IEEE
802.11 standard.

• We present an objective function to maximize remain-
ing energy and minimize E2E delay and PLR for
medical-grade QoS criteria.

• We accomplish an extensive set of simulations on
Network Simulator 3 (ns-3) to evaluate the suitability of
our proposals.

The remainder of this article is structured as follows.
In Section II, we highlight the relevant studies in the
literature. The existing problem is elaborated in Section III.
Sections IV and V explain the methodology and simulations
setup, respectively. Section VI is devoted to the performance
evaluation of the proposals’ analytical discussions. Finally,
in Section VII, we provide final remarks and future work.

II. RELATED WORK
Modifying and optimizing the MAC layer operations of
IEEE 802.11 has undergone a lot of investigations and
research studies. However, these optimization studies do not

2QoS-restricted scenario refers to a situation where the available network
resources, such as bandwidth, capacity, energy, and processing power, are
limited due to the high number of connected stations. This limitation creates
challenges in delivering the desired level of service to all applications or users
simultaneously.

address the dense EH-based QoS-restricted environments,
which require dynamic changes, such as medical IoT systems
where real-time, emergency, and multimedia applications are
employed.

A set of techniques described in the literature consists of
modifying the initialization of the MAC layer parameters,
such as CW, AIFS, and TXOP, to adjust the channel
access scheduling in the EDCA mechanism. Dynamic
initialization of AIFS is presented in [15] to support
QoS requirements for real-time and non-real-time medical
applications. Nevertheless, this algorithm is not able to meet
QoS in a saturated condition. Other works intend to address
QoS-restricted environments by defining fixed or dynamic
CW values adaptation algorithms. In [16], the authors explain
an algorithm that doubles the CW values when the channel is
busy, or collision occurs, whereas in [17], the authors define
a dynamic selection of CW values based on the traffic load
of the network to reduce the collision rate and transmission
delay in the network. However, these optimization algorithms
modify the fundamental of the EDCA mechanism, and they
may not be compatible with the IEEE 802.11 standardization.
In one of the most recent MAC layer modifications [18], the
authors proposed an enhanced Preliminary Channel Access
(PCA) method, which allows the transmission for Real-Time
Application (RTA) access to the channel faster than other
transmissions compared to PCA and EDCA mechanisms.
The aim of this study aligns with Wi-Fi 7, where low
delay and high reliability are the two requirements for the
RTA use cases. The proposed mechanism provides backward
compatibility inWi-Fi scenarios. However, this work does not
include any energy-related analysis.

There are a few energy-harvesting MAC layer protocols
in the literature which consider the integration of the energy
harvesting technologies with WLAN communication. Some
of these works try to achieve an energy-efficient MAC
protocol even by only increasing the energy budget of
the network or reaching an optimal energy consumption
point. In [19], the authors propose algorithms to reduce
the energy consumption of a Wi-Fi solar-based network.
Whereas in [20], an optional energy-saving mode feature
in IEEE802.11ah is evaluated along with the EH technique
deployment. However, the authors do not consider QoS
restricted environment in these works.

Another set of techniques used in the literature is based
on ML. Specifically, RL is able to provide reliable solu-
tions to complex decision-making problems. Recently, these
techniques have attracted more attention among researchers
in the wireless communication networks area. Proposing
new features in the IEEE 802.11be and beyond to meet
the IoT systems requirements (distributed management
and deployment) may increase the Wi-Fi network’s den-
sity, dynamic condition, and complexity. Thus, deploying
RL-based algorithms becomes more influential in this
scenario [21]. The RL-based algorithms can be deployed in
IEEE 802.11 standard to optimize the existing techniques
and the defined parameters, which lead to reducing the
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collision probability, increased throughput, and optimized
frame length [22], [23], [24]. Recent studies demonstrate
that Deep RL (DRL) algorithm can improve the handovers
in mmWave communications [25], optimize the resource
unit allocation for multi-user scenarios [26], configure the
channel bonding [27], or address the channel allocation and
AP clustering issues in MIMO networks [28]. Other studies
on RL-based algorithms focus on Wi-Fi management, such
as the works presented in [29], [30] for channel and band
selection or management architecture [31].
An RL-based optimization algorithm for updating the CW

value based on the collision probabilities is proposed in [32],
in which the throughput increases while the delay maintains a
certain level. Although this mechanism introduces an optimal
point between the collision rate probability and CW increase
or decrease, it does not consider the network’s total energy
consumption and provision of QoS for applications with
different traffic types.

As indicated in Table 1, most of the aforementioned studies
benefit from the integration of the traditional RL with deep
neural networks, such as Deep RL (DRL) to handle complex
tasks, Deep Q-Network (DQN) to approximate the Q-value
function, Deep Deterministic Policy Gradient (DDPG) to
approximate both the policy and Q-value functions and offer-
ing better performance in continuous action domains, and
Deep Q-Learning (DQL) to handle high-dimensional state
spaces more effectively. In addition, some other approaches
focus onmaximizing the reward, such asMulti-ArmedBandit
(MAB) or the ones that consider interaction between agents,
such as Multi-Agent RL (MARL).

As stated in the introduction, while EH integration can
help IoT systems attain sustainability by lowering the demand
for traditional batteries, it also introduces new obstacles
regarding physical dimensions, communication protocols,
and user privacy. Thus, it is necessary to reduce the energy
budget of the IoT system to tackle energy-related issues,
which can be addressed through energy model optimizations.
One energy model optimization, proposed in [33], was the
first work to present the MAC layer operation modifications
(optimal selection of CW initialization) based on the type of
medical applications and AP coordination concept. However,
the authors conclude that an ML algorithm would benefit the
performance of such systems.

Table 1 demonstrates how our research contributes to the
field by comparing the features of the current study with the
relevant existing literature. According to the extensive study
on the existing literature, we believe that several outstanding
throughput and fairness optimization studies propose inno-
vative solutions that need a comprehensive transformation
and re-imagining of the IEEE 802.11 standard. Nevertheless,
ensuring backward compatibility poses a complex challenge,
as existing and old equipment cannot be changed. It is
essential to highlight that our effort is to strongly achieve
backward compatibility in the proposed RL-based algorithms
that focus on optimizing the energy (remaining) of the
network.

To the best of our knowledge, no RL-based MAC layer
optimization assesses the feasibility of integrating energy
harvesting technologies aligned with provisioning QoS for
medical applications. Thus, this article enhances the previous
work and improves the algorithm’s flexibility to the dynamic
behavior of dense networks by introducing RL-based opti-
mization algorithms. These algorithms are able to reduce
the energy consumption of the MAC layer operations
in a solar-based Wi-Fi network while meeting specific
QoS medical-grade parameters for medical applications like
PLR and delay. Thus, this novel integration provides a
fresh perspective and yields significant advancements in
sustainable IoT-based Wi-Fi communication.

III. PROBLEM STATEMENT
The IEEE 802.11 MAC layer is a contention-based dis-
tributed layer that consumes most of the energy budget of
the network due to associated collisions, retransmissions,
and back-off mechanisms [34]. Figure 1 demonstrates the
default access technique known as the two-way handshaking
scheme [35].

To assess channel conditions prior to transmission, the
traditional IEEE 802.11 protocol employs a technique known
as Physical Clear Channel Assessment (PHYCCA) at each
network node. By measuring the energy level in the channel,
the node can determine whether it is above a predetermined
threshold, called the carrier sensing threshold (CST). If the
measured energy level exceeds the CST, indicating that the
channel is occupied, the node will defer its transmission and
wait for the channel to become available. This mechanism
allows nodes to avoid transmitting when the channel is
already in use, reducing the likelihood of collisions and
improving overall network efficiency.

Once a station detects the channel to be busy, it initiates
a random back-off process by generating a random back-off
time within a CW size. The CW defines the range of possible
back-off values. In this process, a slotted binary exponential
back-off random interval is selected from the range of
[0, CW], where CW initially starts with a minimum value of
CWmin.
If a transmission attempt is unsuccessful, the CW value

is doubled, resulting in a larger range of possible back-off
values, up to a maximum value of CWmax. This doubling
process continues with subsequent unsuccessful transmission
attempts, allowing for increased back-off times and reducing
the chances of collisions. On the contrary, a successful
transmission results in the CW value being reset to its
minimum value, CWmin. This reset aims to exploit the clear
channel and ensure quick access to the medium for the station
that successfully transmitted its data.

In other words, the random back-off procedure is defined to
reduce the collision probability, energy consumption, and to
allow fair access to themedium in a distributedmanner, which
can be controlled by initializing and changing the MAC layer
parameters value. The selection of appropriate MAC layer
values is crucial, not only for efficient channel access but
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TABLE 1. Features comparison of related work and our proposal.

FIGURE 1. CSMA/CA back-off procedure.

also to minimize energy consumption related to collisions.
For instance, a larger CW value reduces collisions and
minimizes energy wastage associated with collision events,
which is beneficial for energy efficiency. However, a larger
CWvalue can also introduce increased delays in accessing the
channel, potentially affecting QoS requirements, particularly
for time-sensitive applications. On the other hand, a smaller
CW value reduces delay but increases the probability of
collisions and energy consumption. In addition, regarding
other MAC layer parameters, such as AIFSN and TXOP,
the system performance can be improved by adjusting these
values. Reducing AIFSN values grants higher-priority frames
a briefer back-off time, facilitating quicker transmission after
the channel becomes idle. Modifying the TXOP permits
consecutive transmission of multiple frames, minimizing the
back-off and contention overhead. Thus, finding the right
balance for the MAC layer parameters is crucial to optimize
network performance, energy efficiency, and meeting the
specific QoS restrictions imposed by the applications running
on the network. Since IoT-based networks have a high level
of collision probability, there is a need to apply modifications

TABLE 2. Quality of service requirements for e-Health applications.

to the selection of these parameters and adjust them to the
condition of the network and application types. However,
these modifications have to be aligned with the standard and
address the restricted QoS e-health environments.

Although ML algorithms have been introduced to improve
the performance of Wi-Fi communication effectively, they
mainly focus on increasing the throughput without consid-
ering the QoS requirement and energy efficiency of the
network, which are necessary for the successful integration
of EH techniques within Wi-Fi-based IoT systems. To fill
the existing gap in the literature, in this article, we for-
mulate the optimization problem based on three RL-based
algorithms that are able to initialize different MAC layer
parameters (i.e., initialization of CW values) dynamically
based on the network condition and application traffic
type while maintaining the two critical QoS parameters for
QoS-restricted e-health applications known as E2E delay and
PLR. The medical-grade QoS restrictions that are considered
in this study are listed in Table 2.

Along with the high collision probability, unfair access
to the medium, and increasing throughput requirement
to meet the emerging applications (i.e., health-tracking
wearable, 4k and 8k video streaming, VR or AR and
gaming) provisions, such as ultra-reliable low-latency com-
munication requirements and extremely high throughput,
the channel access mechanism of the Wi-Fi MAC layer
faces another concern for prioritizing and coordinating
the transmissions. The extremely high throughput and
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FIGURE 2. AP coordination concept.

ultra-low latency requirements listed above are beyond the
capabilities of IEEE 802.11ax, even though the recently
released IEEE 802.11ax emphasizes network performance
and user experience in high-density deployment scenarios.
IEEE 802.11ax only supports communication from a single
AP and executes spatial reuse between APs and nodes
without coordination among nearby APs. As a result, its
ability to efficiently use time, frequency, and spatial resources
is severely limited. In contrast, Wi-Fi 7 and Beyond with
EHT capabilities improve this capability by allowing APs to
share data and control information, increasing the throughput,
reducing latency, and improving spectrum efficiency. Multi-
AP coordination, which includes coordinated spatial reuse,
coordinated orthogonal frequency-division multiple access,
coordinated beamforming, and joint transmission, is one of
the main differences between Wi-Fi 7 and Beyond and IEEE
802.11ax [14]. Therefore, to address these requirements, the
upcoming amendment IEEE 802.11bn defines key concepts
such as distributed multi-link operation, integrated mmWave
operations, Physical (PHY) and MAC layer enhancement,
and Multi AP coordination [42]. Among all these new
features, controlling the delay of the system is possible based
on AP coordination, which is a critical point for MIoT
applications. The AP coordination technique states that to
improve the performance of their associated non-AP stations,
the so-called master APs can interact with other APs (slave
APs) within their broadcast range. The master AP receives
the beacon frames from the slave APs. The master AP might
employ this technique to dynamically request the slaveAPs to
rearrange the resources depending on the channel conditions
(see Figure 2). While the need for uncoordinated systems
is the main emphasis of this method, it is significant to
emphasize that this strategy may also be used to coordinate
systems [43].
In contrast to the aforementioned advantages of the concept

of the AP coordination, it faces several issues when it comes
to backward compatibility. The interoperability, influence
on the network performance, implementation complexity,
resource allocation, and overhead management are just
a few of the new difficulties and challenges that come

with AP coordination with backward compatibility. The
functioning of AP coordination may cause interoperability
issues when older devices find it difficult to interact
with newer APs, resulting in decreased overall network
performance, reliability, and efficiency, which can lessen
the advantages of optimized performance of the current
devices. The network’s design and implementation may
become more difficult, and additional management and
configuration for overhead is needed if it supports both
backward compatibility and advanced coordinating features.
Furthermore, resource allocation for newer devices capable
of handling more sophisticated coordination methods may be
wasteful due to coordinating APs allocating resources based
on the capabilities of old devices [44].

In this article, each group of nodes (i.e., non-AP stations)
is associated with one respective AP in the assessed scenario.
The main purpose of the proposed algorithms is to reduce
the collision probability by differentiating the initialization
of CW once per node and then per cell (i.e., all the nodes
associated with their corresponding AP). However, per-node
analysis increases the level of processing in the nodes, which
can cause an increase in energy consumption. For this reason,
centralized techniques are introduced to reduce the level of
node processing. For example, the AP receives information
about radio resource measurements of nodes [45]; therefore,
the nodes with the low E2E delay increase their CW values
to delay the data frame transmission.

In contrast, the nodes that exceed the medical-grade QoS
threshold will reduce the CW to access the medium faster
and immediately start the transmission. Furthermore, the
agent makes decisions based on the remaining energy and
E2E delay, which allows the node to harvest energy while
maintaining medical-grade QoS requirements. In addition,
the effect of the AP coordination concept is assumed in the
proposed algorithms, in which APs are able to reschedule the
resources based on the medium access conditions. Finally,
a sleep/wake-up method is applied to obtain a higher level
of energy reduction in the network.

IV. METHODOLOGY
This section utilizes RL-based optimization algorithms
derived from Markov Decision Processes (MDP) to meet the
proposed objectives of this paper.

In this study, MDP depicts the interaction between APs
and nodes within a solar-based Wi-Fi, and it updates the
decision-making in which an agent (AP) interacts with
the environment. This framework models the optimization
problem sequentially and is simplified as the following tuple.

(3, 1,0a, 8a) (1)

where 3 is the representative of the group of states,
which include the variables that define the environment or
observation (in this paper, it corresponds to remaining energy,
E2E delay, and PLR). 3 is updated at each step of the
execution of the algorithms. 1 is the group of actions the
agent executes in the AP, which is responsible for dynamic
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Algorithm 1 Delay-Based Algorithm
1: Initialization: CWmin = 31,CWmax = 1023

Application-based QoS threshold
2: Input: Delay_node
3: Output: CWnew_node
4: if Delay <= QoS Threshold then
5: CWnew = ((CWcurrent + 1) × 2) − 1
6: else if then
7: CWnew =

(
CWcurrent+1

2

)
− 1

8: end if
9: return CWnew

10: end procedure

changes of the MAC layer parameters (corresponding to the
main operation of the proposed algorithms). 0a

(
3t+1

|3t , a
)

is the probability transition function depicting the probability
of the action a (belongs to 1) takes place in state t to
reach state (t + 1) in the environment. Finally, 8a is the
reward function, calculated after the execution of action a and
updated at each step of the algorithm’s execution to provide
feedback for the decision-making in the next state [46], [47].

Each proposed algorithm highlights different decision-
making methods for initializing MAC layer parameters. The
first, second, and third sections address the initialization
of MAC layer parameters for each node in the assessed
scenario, where the CW values consider the primary param-
eter due to the random back-off procedure. Nevertheless,
in Subsection IV-E, decisions are made based on the sleep/
wake-up mode. Additionally, in Subsection VI-D, we explore
the effects of AIFSN and TXOP (considered as key MAC
layer parameters) adjustments, alongside an evaluation of
the CW adjustments. The difference between the proposed
algorithms can be explained based on the level of the
information that is fed to the APs to make decisions (i.e.,
only considering E2E delay or considering E2E delay and
remaining energy). It is expected that the more information
is considered, the level of optimization will be higher.
In addition, the way that each algorithm selects the associated
nodes to apply the dynamic changes ofMAC layer parameters
is different, which can be performed cell-wise or node-
wise. In particular, in the case of CW values, it is expected
that the differentiation in CW initialization reduces collision
probability, addresses the medical-grade QoS requirement,
and gives nodes with lower energy levels more opportunity
to harvest energy. Aligning with the CW value changes
the impact of the AIFSN and TXOP dynamic adjustments,
as other MAC layer parameters need to be investigated.

A. DELAY-BASED ALGORITHM
The first proposed algorithm is the delay-based algorithm,
which aims to reduce the collision probability of each node by
delaying or accelerating the data transmissions in each node.
This differentiation in initiating and selecting CW helps to
avoid extra collisions due to the simultaneous transmissions.

Algorithm 2 Extremum-based AI algorithm.
1: Initialization: CWmin = 31,CWmax = 1023

Application-based QoS threshold
2: Input: Delay_node, RemainingEnergy_node
3: Output: CWnew_node
4: for <nodes associated to the same AP> do
5: <Sorting based on the node’s
remaining energy>

6: end for
7: if node with maximum remaining energy then
8: if Delay <= QoS Threshold then
9: CWnew = ((CWcurrent + αmin) − 1)

10: else if then
11: CWnew = ((CWcurrent − αmax) − 1)
12: end if
13: end if
14: if node with minimum remaining energy then
15: if Delay <= QoS Threshold then
16: CWnew = ((CWcurrent + αmax) − 1)
17: else if then
18: CWnew = ((CWcurrent − αmin) − 1)
19: end if
20: end if
21: return CWnew
22: end procedure

As explained in Algorithm 1, the agent (AP) checks the delay
value for each node individually and makes decisions based
on comparing the obtained E2E delay values with the defined
corresponding medical-grade QoS threshold for each node at
each time that the algorithm runs.

B. RANK-BASED EXTREMUM NODES ALGORITHM
In the second algorithm, the decision-making is made per cell
to reduce the level of complexity and increase the residual
energy at the node level. Then, within each cell, the algorithm
selects the nodes with the extremum (i.e., the nodes with
the minimum and maximum remaining energy) value of
remaining energy, while the rest of the nodes store their
current CW values and do not enter the following steps.
According to Algorithm 2, the CW values are reduced by
the factor of α ({2, 4, 8, 16}) if the delay of the extremum
node exceeds the QoS requirement threshold. Otherwise,
the α value is added to the current CW values. It is worth
mentioning that the selection of the α value is in line with the
IEEE 802.11 standard initialization of the CW values. This
algorithm aims to assign different values of CW to the node
to give the ones with the minimum energy the opportunity
to harvest more energy and those with the maximum value
of remaining energy to start the data frame transmission
immediately.

C. RANK-BASED ALL NODES ALGORITHM
In contrast to the second algorithm, the decision-making
is made at each node in the third one. In Algorithm 3,
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Algorithm 3 Rank-Based All Nodes AI Algorithm
1: Initialization: CWmin = 31,CWmax = 1023

Application-based QoS threshold
2: Input: Delay_node, Remaining Energy_node
3: Output: CWnew_node
4: for <nodes within cell> do
5: <sorting based on the node’s
remaining energy and select the
median node>

6: end for
7: if remaining energy_node > node with median remaining

energy then
8: if Delay <= QoS Threshold then
9: CWnew = ((CWcurrent + α) − 1)
10: else if then
11: CWnew = ((CWcurrent − α) − 1)
12: end if
13: end if
14: if remaining energy_node < node with median remaining

energy then
15: if Delay <= QoS Threshold then
16: CWnew = ((CWcurrent + α) − 1)
17: else if then
18: CWnew = ((CWcurrent − α) − 1)
19: end if
20: end if
21: return CWnew
22: end procedure

within the cell, the node with the median value of remaining
energy keeps the CW values the same as its previous state.
In comparison, the nodes with greater remaining energy
than the median value slightly increase their delay duration
if their delay lowers the QoS requirement. Otherwise,
their CW values are decreased by the largest defined α

values ({16,8}) to start the transmissions faster, differentiate
the transmission’s starting point, and reduce the collision
probability.

In the opposite case, the nodes with the remaining energy
values less than the median value need to increase their
opportunity to harvest more energy for continuing the
communication. The nodes with a delay less than QoS
requirements increase the delay value by selecting larger
CW values (α = 16,8). On the contrary, although nodes
have to start the transmission immediately to reduce the
delay, the algorithm delays the communications for a short
duration to allow them to harvest energy and begin the frame
transmission while maintaining the QoS restrictions (α =

4,2). Thus, in this algorithm, the agent allows all the nodes
to differentiate the start of communication by initiating the
CW values based on the condition of the channel and their
remaining energy.

D. PROPOSED ALGORITHMS FOR AIFSN AND TXOP
ADJUSTMENTS
While the RL-based algorithm designed for initializing
CW values could be repurposed for adjusting other MAC
layer parameters such as AIFSN and TXOP, it is essential
to acknowledge the intrinsic differences between the CW
and AIFSN, where AIFSN remains constant, whereas CW
adjustments rely on random processes. Given this distinction,
we have made subtle modifications to the algorithms to
accommodate AIFSN adjustments. The node with an E2E
delay less than QoS requirements updates its AIFSN value
in the next window as follows.

AIFSNnew = AIFSNold + 1 (2)

where the initial value for AIFSN is considered as 2, and
the maximum value is set to 15. We propose a strategy to
prevent extended idle periods due to the maximum selection
of AIFSN for all the nodes or the same value for all the nodes.
AIFSN value increases until it is set to its maximum allowable
limit and the E2E delay exceeds the QoS threshold. In this
case, when the AIFSN reaches this maximum in a given
window, it is then reset to its initial value in the following
window. By resetting the AIFSN value to the initial value,
we increase the level of randomness in AIFSN selection and
prevent undesirable delay for all the nodes.

Shifting our focus to TXOP adjustment, the procedures
mirror those outlined in Algorithms 1 to 3, ensuring
consistent and coherent changes. If the node shows an E2E
delay less than the QoS threshold, the transmission is delayed
by increasing the idle listening duration.

TXOPnew = TXOPold − 32 (3)

By reducing the TXOP value, the duration a node
requires to access the channel for transmission is diminished.
This, in turn, allocates greater chances for other nodes to
initiate their transmissions. It’s worth highlighting that any
alterations to the TXOP timing limit must occur in the
multiple of 32 microseconds. The permissible range for
TXOP values spans from 0 to 7.04 ms. However, in this case,
when the E2E delay exceeds the QoS threshold, the TXOP
value needs to gradually increase, and reduce the delay value.
Selecting a large TXOP value for one node or setting it to the
maximum value affects the network’s fairness and gives other
nodes less opportunity to start transmission. Thus, to prevent
this behavior if the E2E delay of other nodes exceeds the
limit, each algorithm reduces the TXOP of the node with the
highest value of TXOP. In contrast to the AIFSN adjustment,
higher TXOP values increase the idle listening duration for
other nodes and violate network fairness.

E. SLEEP/WAKE-UP MODE
In this algorithm, to reduce the collision probability and
improve the energy efficiency of the network, instead of
differentiating the CW values in the proposed RL-based
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Algorithm 4 Sleep/Wake-Up Method
1: Initialization: CWmin = 31,CWmax = 1023

Application-based QoS threshold
2: Input: Delay_node
3: if Delay >= QoS Threshold then
4: node is forced to sleep
5: else if then
6: Trigger the proposed RL-based algorithms
7: end if
8: end procedure

FIGURE 3. The general framework of the integration of RL with ns-3.

optimization algorithms, the selected nodes are forced to
sleep mode, which will determine the starting time of
the frame transmission of nodes (see Algorithm 4). The
sleep/wake-up method procedure is detailed in [35]. This
method mimics intermittent communication [48] when the
communication is interrupted due to insufficient energy to
keep the system powered up or a high level of interference
in the channel.

V. SIMULATION SETUP
In this section, the system model and experimental envi-
ronment to implement a dense solar-based Wi-Fi network
in field hospital circumstances in the ns3-gym environment
are described in detail. Then, the evaluation metrics are
explained. This simulation setup allows us to assess the
proposed RL-based optimization algorithms under specified
conditions. Section VI will evaluate and discuss these
algorithms.

A. SYSTEM MODEL
The proposed RL-based optimization algorithms are
deployed in the ns3-gym framework, which consists of three
main components, known as ns-3 simulator, OpenAI Gym,
and ns3-gym middleware (see Figure 3).

The ns-3 simulator is an open-source network simulator
that mimics real-world constraints and provides features that
need to be accomplished to meet IoT requirements [49],
[50]. According to Figure 3, the ns-3 simulator is considered
as an actual deployment of a solar-based dense Wi-Fi
network in ns-3 (environment), and the E2E delay, PLR,

remaining energy, and consumed energy are extracted from it
(observation parameters). Since the reward function returns a
numerical value as feedback to the action, the agent is able
to make the most optimal decision based on this value. Here,
the defined objective function (see Equation 4) is maximized
based on the reward function feedback, where the remaining
energy is maximized, and the E2E delay and PLR values are
minimized.

Objective Function =
Remaining energy
E2E delay × PLR

(4)

The protocol level implementation of ns-3 Wi-Fi solar-
enabled nodes is highlighted in Figure 4. The purple blocks
correspond to components of energy-harvesting modules that
have been integrated into the node. These modules define
the type of source of energy (battery or a capacitor), Wi-Fi
radio energy model, and device energy model. The device
energy model locates the Wi-Fi radio energy model in each
node for calculating the energy consumption of each state of
transmission or the total energy consumption of the node [51].
It is worth mentioning that the solar energy harvester model,
designed in [52], is appended to the energy-related model
since the official version of ns-3 does not include this module.
This implementation closely mimics the real behavior of a
solar energy harvester that takes into account various aspects
of the harvesting process in the ns-3 solar harvesting system.
This technology realistically develops a solar panel and
mathematically calculates many solar features influencing
energy harvesting.

Along with the energy-related modules added to the
ns-3 architecture, the proposed algorithms directly impact
the initialization of the MAC layer parameters, shown in
the green and blue blocks. These blocks describe the Wi-Fi
MAC layer protocol implementation we adapt during the
simulation. Another module that affects the MAC layer
operation is the PHY layer, shown by the pink block.
This block defines the different transmission states of the
communication, where the sleep/wake-up method is defined
to reduce the contention, which directly impacts the MAC
layer [35]. The architecture of an AP in ns-3 is illustrated
in Figure 4b, where the optimization problem is formulated,
and the AP coordination concept is introduced (the blue
block). In addition, the MAC layer modification commands
and initialization values are sent to the nodes from the
APs that the agent controls based on actions (the green
block). Moreover, the PHY layer generates the sleep/wake-up
commands triggered by the AP. Here, the APs decide when
andwhich node has to go to sleep or wake-upmode. It is noted
that no changes or modifications are applied to the gray-scale
blocks.

The second part of the n3-gym is the ns3-gymmiddleware,
which sends the gathered information to the environment
gateway entity for saving the numerical data in a structured
manner and encoding the received actions from the agent to
numerical data. In addition, ns3-gymmiddleware receives the
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FIGURE 4. Ns-3 IEEE 802.11 architecture to support RL algorithm and EH.

environment information (i.e., observation) and sends it to the
agent.

The third part of the ns3-gym framework is the OpenAI
Gym, which fundamentally is a toolkit capable of creating
new ML algorithms in a range of simulated environments.
The Python process, consisting of the agent and the
Gym environment, establishes communication with the C++
process, responsible for the ns-3 network simulation, through
ZMQ sockets. Readers interested in learning more about the
OpenAI Gym are referred to [53].

B. ENERGY MODEL FOR THE CONSIDERED WI-FI
SCENARIO
Various components contribute to the overall energy con-
sumption of Wi-Fi systems. Yet, achieving an exact cal-
culation of the total energy consumption proves intricate,
owing to the dynamic characteristics of wireless channels,
the complexity of the Wi-Fi protocol, and the fluctuations in
network traffic patterns. This section delves into a simplified
explanation of the total energy consumption within the
specific Wi-Fi scenario under consideration.

The total energy consumption of the Wi-Fi system
corresponds to the sum of the energy consumption during
the fundamental states, such as transmission, reception,
transition, idle, and back-off states, which is formulated as
follows.

ETotal =

m∑
i=1

(
ETx(m) + ERx(m) + EIdle(m)

+ ETransition(m) + EBack-off(m)
)

(5)

where

ETx = EAck-tx + EData-tx,

ERx = EAck-rx + EData-rx,

ETransition = ESleep + EWake-up,

EBack-off = EBO + ECollision

In this case ETx, ERx, ETransition correspond to the energy
consumption in the transmission state, reception state, and
changing from sleep mode to wake-up or vice versa.

In addition, this formula considers the energy consumption
during the back-off procedure (EBack-off), which includes
initialization of the CW procedure and collision. Here,
m refers to the number of the stations in the network.
Furthermore, each component can be decomposed as the
multiplication of the power and duration of that state as
follows.

ETx = PAck-tx × TAck-tx + PData-tx × TData-tx,

ERx = PAck-rx × TAck-rx + PData-rx × TData-rx,

EIdle = PIdle × TIdle,

ETransition = PSleep × TSleep + PWake-up × TWake-up,

EBack-off = PBO × TBO + PCollision × TCollision

According to the EDCA mechanism, the duration of
the acknowledgment, successful data frame transmission,
idle [54], back-off procedure, and collision are defined as
follows.

TAck = DIFS + TSlot + SIFS,

TData = DIFS + TSlot + SIFS + TAck,

TIdle = AIFS,

TBO = (CW − 1) × TSlot,

TCollision = SIFS + TAck + AIFS

It is important to mention that the energy consumption
during the frame retransmission is considered in the ECollision,
in addition, the sleep and wake-up duration could vary
based on the specific AC and power-saving settings that is
considered in the algorithm.

In line with the total energy consumption formula
and aforementioned analysis, an inverse relationship exists
between the CW and total energy consumption ( 1

CW ∝

ETotal). As the CW value decreases, the duration before
transmission becomes shorter. This reduction in waiting time
leads to increased transmission attempts due to more active
states and potential retransmissions, ultimately resulting in
elevated energy consumption.

A simulation-based decomposition of the energy consump-
tion of the network is analyzed in [35], where the ETx,
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ERx, EIdle, ETransition and EBack-off states consumed 0.5 J,
3.42 J, 9.02 J, 1.02 J, and 0.63 J, respectively. According
to the analyzed energy model, the network’s total energy
consumption equals 14.59 J, and each node consumes 0.364 J
in the system. In this paper, we examine all the MAC layer
parameters outlined in Equation 5, encompassing not only
those mentioned but also encompassing wake and sleep
states.

C. NETWORK SCENARIO DEFINITION AND EVALUATION
METRICS
The simulation environment is a one-floor field hospital (sim-
ilar to an office-type building) with an area of 3200 m2 and
3 m of the height of the floor. According to Figure 5, this area
is divided into 8 symmetric rooms (each room area is 20 m ×

20m). The rooms are separated throughwoodenwalls (brown
lines), and the external walls are defined as concrete walls
with windows (black bars). The simulations were carried out
using the hybrid building propagation model, which provides
the required flexibility to represent theWi-Fi implementation
in a building environment. This model includes several
factors, such as the frequency in use, the environments (urban,
suburban, or rural), International Telecommunication Union
defined path loss model [55], the position of the interfering
nodes, external wall penetration loss of different types of
buildings (such as windows, without windows, concrete
among others), and the internal wall loss. All of the factors
mentioned above, among others, are used to derive the indoor
path loss, which is used along with the transmit signal
power to derive the received signal power. By design choice,
we consider a single AP per room, in which one AP is located
in the middle of the room, and 5 nodes are placed randomly
within the room. The distance between the AP and each node
is randomly selected from 1 to 10 m. This article considers
the worst-case scenario of Wi-Fi communication, where the
2.4 GHz frequency band is used for communications. The
restricted bandwidth of 2.4 GHz, with only three non-
overlapping channels, causes high interference, and due to
the few non-overlapping channels, the 2.4 GHz frequency can
become congested quickly. For this reason, the main issue of
contention-based communications in the 2.4 GHz frequency
band is the high collision probability.

It is important to note that we have employed IEEE
802.11n in the simulated scenario. This choice ensures that
the scenario that has been discussed here aligns precisely with
the enterprise model outlined in the IEEE 802.11ax standard
and described in [59]. Furthermore, most assessments of
Wi-Fi 7 and Beyond follow the operational guidelines
established by the IEEE 802.11ax Working Task Group.
This is because the development of Wi-Fi 7 builds upon
discussions held with Task Group ax(TGax), essentially
serving as an extension of those conversations.

To evaluate the performance of the proposed RL-based
optimization algorithms in each set of simulations, we con-
sider 8 AP (triangles in Figure 5) and nodes associated
with each one (red circles). In addition, the master APs

FIGURE 5. Layout of the Wi-Fi deployment in the field hospital.

TABLE 3. PHY layer parameters for the simulation.

TABLE 4. MAC layer parameters for the simulation.

are illustrated as green triangles and the slave APs as
blue triangles. Each node uses three medical applications
in the simulations: ECG, EEG, and EMR (representing
medical file transferring). For the final results, each set of
simulations is repeated 20 times with different seed values
(to add randomness to the implementation) to increase the
confidence level.

The parameters of the PHY and MAC layers are listed in
Table 3 and Table 4. Since the Request to Send (RTS)/Clear
to Send (CTS) mechanism (the four-way handshaking
mechanism) increases the transmission time inherently, and
a non-optimal frame aggregation can increase the error rate,
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TABLE 5. Traffic characteristics in the simulation study.

as is shown in Table 4, frame aggregation and RTS/CTS are
disabled. The default MAC layer parameters are selected as
the Best Effort (BE) Access Category (AC) corresponding
to the traffic model of the three medical applications. Only
the CW values change dynamically in this paper, and AIFSN
and TXOP are maintained constant. It is noted that during the
MAC layermodifications, all the parameters of the PHY layer
are kept constant according to Table 3.
Table 5 summarizes the traffic model, data rate, and packet

size for ECG, EEG, and EMR applications as the selected
medical applications.

The Li-Ion battery and the panel dimension (corresponding
to the size of a remote blood oxygen monitoring [60]) are
adopted from [35]. The metrics for the evaluation are defined
based on their equations in Table 6.
This setup allows us to explore the performance of our

proposed RL-based algorithms by automatically varying the
CW values as a MAC parameter for nodes based on the
current condition of the channel and then with the offered
sleep/wake-up method.

VI. PERFORMANCE EVALUATION AND DISCUSSION
In this section, through extensive ns3-gym-based simulations,
we evaluate the performance of the proposed RL-based
optimization algorithms in the selected environment. The
performance evaluation analysis first focuses on CW value
changes to define the usefulness and assess the proposed
RL-based algorithms. In Section VI-D, we investigate the
impact of other MAC layer parameters on the performance
of the network. For this reason, we will use a consistent
EDCA queue, denoted as EMR, to assess the effects
of altering various MAC layer parameters. Subsequently,
we will contrast the outcomes with those of a system
adhering to default values (Tabel 4). This clarification will
be explicitly presented in Section VI-D. As highlighted in
Section III, to manage the network resources more efficiently
and decrease E2E delay in this scenario, the concept of AP
coordination will be introduced to the proposed algorithms
and evaluated in this section. In this study, the master and
slave cells are distinguished based on their Frame Error
Rate (FER).

A. COMPARISON OF LEGACY WITH THE PROPOSED
ALGORITHMS FOR CW ADJUSTMENT
Previous studies indicated that there is an optimal value
for initializing CW for a node that can retain the collision
probability at the lowest possible level and, as a result,
reduces energy consumption while maintaining the E2E

FIGURE 6. Legacy comparison with the proposed algorithms under CW
adjustment for medical applications.

latency and PLR metrics below the medical-grade QoS
requirements [35]. Additionally, this optimal value varies
depending on the application and traffic types and the
condition of the network. Therefore, it is necessary to
dynamically assign an optimal CW value to each node in
IoT-based networks to prevent long E2E delays and high
collision probability. It is expected that such a scenario will
benefit from RL algorithms. In each algorithm initially the
CWmin and CWmax values are set to the default values (see
Table 4). Then, these values are selected based on the received
information from the environment.

Figure 6 illustrates the improvement of remaining energy
by applying the RL algorithms in the Wi-Fi-based IoT
system for medical applications. While the rank-based all-
nodes algorithm, when used for EMR application, increases
the energy efficiency up to 26.5% (from 14.68 J to
18.36 J), it reduces the E2E delay, PLR (15.87 ms and
2.4%receptively), ECG, and EEG applications benefit more
from the rank-based extremum nodes algorithm. Where the
remaining energy improves up to 23.5% and 16.2% (4 and
3 J improvement per application), delay reduces to 9 and
3 ms for ECG and EEG applications, respectively (PLR is
negligible in ECG and EEG applications). The results are
shown in Table 7 can be explained by differentiating the CW
values initialization among nodes based on the traffic model
characteristics. As indicated in Figure 7, the selected CW
values are relatively large in the delay-based algorithm, which
increases the network delay considerably and consumes
more energy. However, since the CW values initialization is
more distributed among all possible intervals in the rank-
based all-nodes algorithm, it has a better adaptation to the
network condition. Consequently, it can save more energy
for applications with high data rates and large packet sizes,
such as EMR applications. In contrast to the high-traffic
load applications, the applications with low traffic load levels
benefit the rank-based extremum nodes algorithm with a
lower level of complexity.

B. COMPARISON OF LEGACY WITH THE PROPOSED
ALGORITHMS UNDER AP COORDINATION ASSUMPTION
FOR CW ADJUSTMENT
In this set of simulations, we evaluate the impact of the AP
coordination concept on the performance of the network with
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TABLE 6. Metrics for evaluation.

FIGURE 7. Probability Density Function for CW changes for the proposed RL-based algorithms.

FIGURE 8. Impact of master cells AP coordination on the proposed
algorithms under CW adjustment.

three proposed RL-based optimization algorithms. If the cell
has a FER value greater than the average FER of the network,
it is considered the master cell, otherwise, it is deemed a slave
cell.

For this scenario, the proposed algorithms are deployed
only at the master cells. As illustrated in Figure 8 the system
faces improvements in the evaluated metrics compared to the
legacy in all the cases. However, the improvement percentage
is less than the case where we implement three algorithms
in all the cells (cf. Table 7). The logic behind the obtained
results can be explained through the differentiation of the
initialization in the CW values for central and edge nodes,
where the master cells (located as central nodes) face more
variation in the initialization of the CW values. However,
for the nodes in the slave cell, the initialization is fixed to

FIGURE 9. Impact of slave cells AP coordination on the proposed
algorithms under CW adjustment.

the default values. The results prove that more variation in
the initialization of the CW values based on the network
condition can improve the energy efficiency of the network
while reducing the QoS parameters such as delay and PLR.

In the following scenario, when the proposed algorithms
are applied to the slave cells, the obtained results demonstrate
a lower improvement level than the previous results. Regard-
less of the network conditions, the initialization of the CW
values for the nodes in the center (which face more collisions)
is fixed as the default values. Therefore, the network reaches
at most 19.60% remaining energy improvement for EMR
application in the case of the rank-based all-nodes algorithm,
16.40%, and 16.23% in the case of ECG and EEG application
under the deployment of the rank-based extremum nodes
algorithm (see Figure 9).
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FIGURE 10. Impact of sleep/wake-up method on the proposed
algorithms.

It can be concluded that when the proposed algorithms
are only applied to a group of cells in the AP coordi-
nation, although the E2E delay can be controlled through
the AP coordination concept, the fixed CW initialization
for the other group of cells can degrade the network’s
overall performance. For this reason, the overall network
improvement is smaller than when the proposed algorithms
are applied to all the nodes. It can be perceived from
Table 7 improvements are less than 1 J for the remain-
ing energy metric for all the applications regardless of
whether the AP coordination is deployed in master or slave
cells.

In the following set of simulations, to reduce the collision
probability, and consequently, increase the remaining energy,
instead of differentiating the CW initialization on the nodes,
the algorithms will force the node to go to sleep.

C. COMPARISON OF LEGACY WITH THE PROPOSED
ALGORITHMS UNDER SLEEP/WAKE-UP METHOD
In this set of simulations, we introduce the sleep/wake-up
method (introduced in [35]) to our proposed algorithms.
In this case, the algorithm restricts the node to transmit, with
a condition that the E2E delay does not exceed the set QoS
threshold. Therefore, the sleeping node has the opportunity
to harvest energy and then, in the next time step, follows the
procedure of the proposed RL-based optimization algorithm.
According to Figure 10, all the proposed algorithms improve
the energy efficiency for the three selected applications.
Although E2E delay values are still under the QoS threshold,
these values increase considerably compared to the previous
evaluation. In some cases, such as the rank-based extremum
nodes algorithm for EMR, the E2E delay exceeds the
threshold. In contrast to the earlier cases, the highest
remaining energy level while keeping the QoS values at
the desired level corresponds to the delay-based algorithm
(cf. Table 7), where the system is able to conserve energy
around 4 J for ECG and EEG applications and 5 J for EMR
application. The reason is the simplicity of the procedure of
the algorithm, which makes decisions faster than the other
algorithms. Finally, the node can harvest more energy in a
shorter duration.

TABLE 7. Impact of proposed algorithms on network metrics.

D. COMPARISON OF LEGACY WITH THE PROPOSED
ALGORITHMS FOR AIFSN AND TXOP ADJUSTMENTS
As discussed in Section I, the EDCA mechanism prioritizes
channel access through three key parameters: CW, AIFSN,
and TXOP, aiming to deliver the necessary QoS for diverse
applications. This series of simulations showcases the indi-
vidual impacts of these parameters on network performance.
The algorithms under examination dynamically select CW,
AIFSN, and TXOP, each addressed separately, to pursue this
goal.

According to the EDCA framework, a lower AIFSN value
signifies elevated traffic priority for channel access. However,
unsuitable AIFSN adjustments can compromise QoS regard-
ing E2E delay, fairness among stations, and diminishing
overall network throughput. Reduced AIFSN intensifies
contention dynamics, fostering potential collisions, while
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TABLE 8. Impact of MAC parameters changes on the proposed
algorithms.

higher values lead to extended idle periods and channel
under-utilization. Thus, as explained in subsection IV-D, it is
necessary to set a proper AIFSN value for each individual
node. This phenomenon is corroborated by the findings
in Table 8, revealing decreased remaining energy due to
prolonged idle duration and increased collisions, which is less
than 1 J reduction in remaining energy for ECG and EEG
applications. In the case of E2E delay, this reduction shows
15 ms for ECG and EEG applications. However, this energy
reduction is marginal when compared with legacy values.
In the case of the EMR application, a proper AIFSN value
conserves the energy of the network around 3 J by reducing
the E2E delay for 16.4 ms.

Regarding dynamic TXOP, a station granted a TXOP can
transmit frames consecutively without inter-frame channel
contention. This enhances throughput efficiency within the
station’s allocated time window. Nonetheless, this increased
throughput for one station can hinder other stations’ channel
access, resulting in extended idle periods and decreased
overall throughput, surpassing the fairness issues attributed
to inappropriate TXOP selection. This behavior is depicted
in Figure 11 to Figure 13, where dynamic TXOP RL-based
algorithms exhibit the lowest remaining energy values,
in contrast to the dynamic initialization of CW values, which
result in the highest remaining energy values. According to
Table 8 the remaining energy values under TXOP RL-based
algorithms decrease more than 1 J per application. Here,
the legacy value is illustrated as a straight dotted line that

FIGURE 11. Impact of MAC layer dynamic changes on remaining energy
for EMR application.

FIGURE 12. Impact of MAC layer dynamic changes on E2E for EMR
application.

FIGURE 13. Impact of MAC layer dynamic changes on PLR for EMR
application.

indicates the values achieved by the legacy network, in which
all devices use the default MAC layer parameters without ML
adaptation. These values are listed in Table 4. These outcomes
underscore the need for more comprehensive networkmetrics
when making AIFSN and TXOP adjustments. It is important
to note that, since the changes are more considerable in the
case of the EMR application, we only visualize the impact of
the MAC layer parameters in network metrics, and the rest of
the metric comparisons can be found in Table 8.

Notably, although TXOP dynamics reduce remaining
energy, E2E delay remains within QoS requirements, which
means less than 30ms for ECG and EEG applications and less
than 100 ms for EMR application. This implies the efficacy
of the proposed algorithms in such scenarios for these three
MAC layer parameters. However, these algorithms demand
more comprehensive information (more network metrics) for
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FIGURE 14. Remaining energy actual values comparison per application.

enhanced decision-making accuracy. Consequently, dynamic
CW initiation proves more effective within the current
scenario.

Drawing upon the results deriving from the proposed
RL-based optimizations at the MAC layer, the finest
configuration for individual MAC parameters becomes
achievable and tailored to each application’s unique demands.
Within the simulations, these optimal values are considered
when notable enhancements in system performance arise,
particularly evident in conserving the network’s total energy
exceeding 5 J for ECG and EEG while staying below 5 J
for EMR scenarios. Nevertheless, the E2E delay increased
slightly from the CW adjustment results due to the AIFS
duration increase.

To facilitate a more comprehensive comparison of remain-
ing energy among the legacy MAC layer parameters, the
proposed RL-based algorithms, and the optimizedMAC layer
parameters, we visually present the actual remaining energy
values per application in Figure 14. As previously noted,
the fine-tuned MAC layer parameters outperform other cases
through the most energy-efficient configuration.

E. IMPACT OF THE PROPOSED ALGORITHMS ON THE
SOLAR CELL FORM FACTOR
According to the literature, since solar cells, piezoelec-
tric, and thermoelectric harvesters provide a more reliable
and higher power density level for indoor environments
(100 mW/cm3, 2 W/cm3, 50 mW/cm3 for solar cell,
piezoelectric, and thermoelectric, respectively), they are
widely used in IoT applications, especially in MIoT systems,
where the flexibility of the form factor is critical [33]. Thus,
in this paper, it is essential to investigate the impact of
the proposed algorithm on the form factor of the selected
EH technology. The extent of detail included in evaluated
simulations could also be used to understand the requirements
for the solar panel size. This is important and relevant to the
topic under discussion because this study aims to develop a
viable system to be implemented in a real-world scenario,
such as an e-health environment. As concluded from previous
scenarios, in the case of the EMR application, the rank-based
algorithm had superiority over other proposed algorithms.
Nevertheless, as the proposed RL-based algorithms provide
the fine-tuning MAC layer adjustments, utilizing these

FIGURE 15. Impact of the proposed algorithms on the solar panel form
factor.

optimal values significantly influences network performance,
consequently leading to a substantial reduction in solar
panel dimensions. This conclusion is also demonstrated in
Figure 15, which reduces the required solar panel size to
3 cm2. However, the smallest possible size of the panel in the
scenarios with legacy, delay-based, and rank-based extremum
nodes are 50 cm2, 35 cm2, and 20 cm2, respectively. For
instance, in the case of the legacy, the minimum size of
the solar panel needs to be 50 cm2 to keep powering the
MIoT system up. Thus, legacy communications with solar
panels smaller than 50 cm2 are impossible. This comparison
supported the advantage of integrating energy harvesting
technologies within IoT systems.

Our previous study [35] revealed that the idle state
accounts for the highest energy consumption in IEEE
802.11 nodes. This finding aligns with the fact that idle
listening can be a significant source of energy drain in
wireless systems. The nodes need to continuously monitor
the wireless medium for available transmission slots, which
consumes energy even when no actual data transmission is
taking place. Therefore, longer waiting times and increased
idle time would contribute to higher energy consumption by
keeping the nodes in an active state for a longer duration.
Based on the aforementioned discussion, it is crucial to
emphasize that the remaining energy trend for legacy stations
does not align with the trend observed in algorithms aimed
at increasing the CW to improve the energy consumption
of nodes. In other words, the energy consumption patterns
of legacy stations do not follow the same trajectory as
nodes implementing CW-increasing algorithms in an effort
to enhance energy efficiency, and it is important to consider
these findings when using the proposed algorithms.

F. DISCUSSION
As explained throughout this article, the fixed initialization of
the MAC layer parameters to the default values is unsuitable
and inefficient for IoT systems with unpredictable behavior.
Our previous studies demonstrated that the initialization of
the CW values needs to be adapted optimally to the various
applications [35]. In this article, the CW value initialization
is updated dynamically based on the network conditions
changes to optimize the network’s performance and meet
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the medical-grade QoS requirements. Generally speaking,
the results indicated that the cell-based algorithms perform
better than the node-based ones. The reason is that in cell-
based algorithms, the AP considers the condition of all
the associated nodes to make decisions. In contrast, in the
node-wise algorithm, AP makes decisions individually for
each associated node regardless of its state, compared to
other nodes within the same cell. In addition, it is shown
that for applications with high traffic load, the rank-based
all-nodes optimization algorithm has superiority over the
other proposed algorithms. This is due to the algorithm’s
high level of flexibility, which converges to the optimal
condition very quickly. However, in the case of the low traffic
load (ECG and EEG applications), the rank-based extremum
nodes optimization algorithm performs better than the other
algorithms.

In addition, we demonstrated that adjusting the ini-
tialization of the CW values is particularly pronounced,
as it directly shapes how stations compete for channel
access, consequently influencing collision rates and overall
network efficiency. While AIFSN predominantly governs the
hierarchy of frame priorities rather than altering the fun-
damental contention process, and TXOP primarily governs
the sequential transmission of multiple frames after channel
contention, their effects might carry a different weight than
those originating from CW adjustments. Thus, it can be
concluded that enhancements to AIFSN and TXOP primarily
focus on optimizing and prioritizing frame transmission
within an already contented channel. The actual outcomes of
optimizing energy utilization, E2E delay, and PLR through
RL-driven adjustments within the MAC layer are presented
in Table 8. The optimal metrics corresponding to the con-
sidered medical applications, achieved via MAC parameter
tuning, are distinctly highlighted. It is comprehensible that
the dynamic manipulation of AIFSN and TXOP values
shows the rank-based all-nodes algorithm to outperform
alternative propositions for EMR applications. Conversely,
the rank-based extremum nodes exhibit the most productive
outcomes regarding ECG and EEG applications. Notably,
despite TXOP adjustments falling slightly short of the
efficiency gained through CW value optimization, it still
satisfactorily fulfills the stringent medical QoS requisites,
particularly concerning E2E delay.

Furthermore, we indicate that assuming the AP coordi-
nation concept in the proposed algorithms can improve the
network’s performance. Nevertheless, this improvement is
less than the case without applying this concept. For these
reasons, we declare that there is no unique initialization
for CW values. In addition, introducing the sleep/wake-up
mode into our proposals indicates that although the energy
efficiency of the network increases, it causes an increment
in the E2E delay values, while still maintaining the QoS
requirements. It is noted that the most optimal value for
evaluated metrics in each set of simulations is highlighted in
Table 7 and Table 8, where the assessed PLR values for ECG
and EEG applications are negligible. We have demonstrated

that the acquired optimal MAC layer parameters yield a
discernible enhancement in network performance, with a
particular focus on energy consumption. This improvement
surpasses the impact of isolated adjustments to individual
MAC layer parameters. In the end, we convey that deploying
the proposed RL-based optimization algorithms align with
fine-tuning of MAC layer parameters making the panel size
reduction in IoT systems possible; thus, it takes a crucial step
towards achieving sustainability in future IoT systems.

VII. CONCLUSION AND FUTURE WORK
This article presented the possibility of integrating energy
harvesting technologies within a Wi-Fi-based MIoT system
through extensive simulations on the ns3-gym framework.
We proposed three RL-based algorithms for the IEEE
802.11 MAC layer optimization, a novel approach that
improves the energy efficiency of the system while provi-
sioning the medical grade QoS requirement. The obtained
results demonstrated that in the case of applications with
high traffic load, the rank-based all-nodes algorithm can
reduce the energy consumption of the system by more than
25%. We also demonstrated that further improvement could
be achieved by deploying the sleep/wake-up method to the
proposed algorithm, in which the improvement increased
to 30%. In addition, the AP coordination concept from
the upcoming IEEE 802.11bn amendment was evaluated
in this system. We believe this article will shed light on
integrating energy harvesting into dense networks such as IoT
systems. Moreover, our research highlights that the acquired
optimal MAC layer parameters bring about a noticeable
enhancement in network performance, particularly regarding
energy consumption. This advancement goes beyond the
effects achieved by making isolated adjustments to individual
MAC layer parameters. The enhancements introduced by the
proposed algorithm and the particular fine-tuning of MAC
layer parameters demonstrate the feasibility of downsizing
solar cells while enhancing their flexibility for integrating this
EH technique with IoT devices. These advancements pave
the way for integrating them seamlessly into IoT devices,
particularly wearable medical devices, leading to a new
era of compact, versatile, and energy-efficient technology.
This research can be enhanced by introducing a deep
learning approach to the proposed algorithms to make
the decisions more accurate and flexible to the network
changes. Furthermore, we can consider more information
(other MAC layer parameters) and different medical grades
QoS requirements for the RL-based optimization algorithm.
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