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Abstract — The rapid growth of Internet of Things (1oT) applications has led to an unprecedented demand for efficient
wireless communication, particularly in scenarios where devices compete for limited spectrum resources. Cognitive Radio
Networks (CRNSs) provide a promising solution by enabling dynamic spectrum access, yet maintaining timely information
updates remains a challenge. Age of Information (Aol), a metric that measures the freshness of status updates, has become
a key performance indicator in such networks. This paper proposes a reinforcement learning (RL)-based scheduling
framework designed to minimize Aol in loT-enabled CRNSs. The framework models the dynamic environment of spectrum
availability and device activity, and uses an adaptive RL agent to optimize transmission scheduling decisions in real time.
A mathematical model of the Aol minimization problem is elaborated and after that, the proposed learning algorithm is
designed. Large-scale simulations are done in Python in Google Colab and the performance of these simulations is
compared with four state-of-the-art scheduling strategies. Findings demonstrate that the suggested RL-based system is able
to generate lower Aol with different network scales, channel characteristics, and traffic dynamics. The results indicate the
promise of RL-based solutions to the creation of scalable and reactive 10T communication systems.

Keywords — Cognitive Radio Networks, 10T, Reinforcement Learning, Age of Information, Resource Allocation.

I. INTRODUCTION

The exponential growth of the 10T has turned the communication networks into a very dynamic and data-driven ecosystem.
loT applications have expanded into many areas such as smart cities, healthcare monitoring and automation, transportation,
and environmental sensing. These applications are often dependent on periodic updates or transmission of status
information from sensors, actuators, and edge devices back to centralized controllers or cloud services in real time. As the
number of connected devices continues to increase, networks must handle more complex traffic patterns with a mix of
devices and ensure reliable communication and low latency. Traditional approaches of wireless spectrum allocation,
typically based on fixed frequency allocation, cannot satisfy the need for large-scale connectivity for 10T scenarios. This
provides the motivation for flexible spectrum management strategies which are able to dynamically allocate resources and
adapt to traffic fluctuations [1].

The CRNs have become a promising solution to the spectrum scarcity issue by allowing devices to access portions of
frequency bands that have been licensed to others on an opportunistic basis. In CRNs, secondary users (SUs), e.g., loT
nodes, are able to transmit information over channels temporally vacated from PUs without causing harmful interference
[2]. This is a paradigm that improves the overall spectrum utilization and increases the capacity of the network. However,
in addition to resolving the problem of spectrum availability, CRNs bring with them further challenges associated with
maintaining timely and efficient communication. 10T applications, especially those that include mission-critical control
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systems or real-time monitoring, require low-latency communications with an emphasis on the freshness of information.
Traditional metrics such as throughput, packet delivery ratio and delay are not sufficient to capture the timeliness of
delivered information in scenarios where outdated data can degrade system performance [3].

Motivation of This Work

To overcome this limitation, the concept of Aol has been introduced. Aol is a performance measure of the time since the
last successfully received update was generated at the source. Unlike classical delay metrics, Aol measures the freshness
of the data at the receiver directly making it very applicable for IoT applications such as autonomous driving, industrial
automation and remote health monitoring. A low Aol implies the information at the decision making node is up-to-date
and this is vital to accurate control and timely response [4, 5]. However, the fact is that minimizing Aol in CRNs is
nontrivial because of the unpredictable channel availability as well as interference constraints, heterogeneous traffic
patterns, and energy limitations of loT devices.

There have been previous research attempts in wireless networks to enhance the Aol performance using different
methods [6]. Scheduling policies have been proposed to round-robin, random access and prioritize transmission
opportunities based on age, among others. While these approaches can provide some improvements in Aol, they are often
based on simplified models of network behavior and don't fully account for the stochastic nature of CRNs. Moreover,
optimization based techniques, such as convex optimization and linear programming, have been used for Aol minimization
problems. Although these approaches may provide optimal solutions in some assumptions, the main drawback is the high
computational complexity and low scalability in large 10T deployments. In practice, optimization problems need to be
solved in real time, but this becomes infeasible as the size of the network, the variability of traffic and uncertainty of
channels increases [7].

Challenges in Aol, 10T and CRNs

In the past years, machine learning (ML) methods have demonstrated an enormous potential to solve complex resource
allocation problems in wireless networks. Reinforcement learning (RL) in particular has become a powerful decision-
making paradigm applied to dynamic environments. RL allows agents to acquire optimal policies from interaction with the
environment, without having to explicitly model the system's dynamics. This makes it suitable for CRNs, where channel
availability, interference and traffic patterns can change unpredictably. RL-based approaches have already been used for
problems like spectrum sensing, power allocation and channel assignment. However, research on the use of RL for Aol
minimization in loT-enabled CRNs is still at an early stage. Most existing works are focused on maximizing throughput or
minimizing delay, without taking data freshness directly into consideration.

Another issue with CRNs is finding a balance between Aol performance and energy efficiency and fairness among
devices. Many of the nodes in 10T are battery-powered devices, and constant transmission to keep Aol to the minimum can
be draining resources quickly. Designing a scheduling policy that minimizes Aol while conserving energy poses a problem
that requires careful consideration of trade-offs. Additionally, the question of ensuring fairness is critical in 10T scenarios
where some devices, such as safety sensors, may need priority access whilst others may be able to accept some delays from
time-to-time. Static or rule-based scheduling algorithms do not often achieve this balance.

To mitigate these challenges, to the best of our knowledge, this paper proposes a novel RL-based scheduling framework
that dynamically assigns the transmission opportunities to 10T devices in a CRN that aims to minimize Aol. The proposed
approach treats the scheduling problem as a Markov Decision Process (MDP) where the system state represents the current
Aol of all devices, the availability of channels and interference constraints. The RL agent interacts with the environment
and learns from its action and gradually becomes better in scheduling strategy through trial and error. This approach does
not require precision mathematical modeling of the system dynamics, instead the scheduler can adapt to the changing
network conditions in real time.

The novelty of this work is in combining reinforcement learning and Aol-aware decision making in cognitive radio
environments. Unlike traditional optimization or heuristic methods, the proposed method allows scalable and autonomous
scheduling without extensive knowledge of channel models or traffic patterns. Furthermore, the framework is designed to
handle various types of network scenarios such as dense I0T deployments, highly variable traffic and heterogeneous device
requirements. By taking advantage of RL, the scheduler can learn to prioritize devices with fast increasing Aol, dynamically
allocate channels according to the availability, and utilize idle spectrum opportunities efficiently.

Contributions of The Research

e The Aol minimization problem for loT-enabled CRNs is represented as a RL task, which is effective in modeling the
stochastic nature of the channel availability and device activity.

e An RL-based scheduling framework is developed in which scheduling policies that learn adaptive scheduling for Aol
minimization while satisfying their interference constraints and achieving efficient spectrum utilization can be learned.

e Extensive simulations are carried out under realistic CRN scenarios to assess performance and comparisons are drawn
with four state-of-the-art baseline techniques: random access, round robin scheduling, greedy policy and deep Q-
network (DQN)-based approaches.
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e The proposed approach has shown consistent improvements with respect to the baseline techniques in terms of Aol
performance for different network sizes, traffic intensities and channel reliability levels.

e The framework has scalability to large scale 10T deployments and can be extended to incorporate energy-aware
scheduling strategies, and is therefore suited to practical CRN implementations.

By addressing the challenge of Aol minimization in dynamic and spectrum-constrained 10T environments, this work
contributes to the broader goal of building communication systems that are both intelligent and adaptive. The increasing
complexity of loT ecosystems demands resource management strategies that can operate effectively in uncertain
conditions, and reinforcement learning offers a natural pathway toward this objective. The proposed approach represents a
step toward developing fully autonomous spectrum management solutions capable of supporting next-generation loT
services that rely on timely and reliable information delivery.

The remainder of the paper is organized as follows. Section Il reviews related work on Aol optimization and machine
learning approaches in CRNs. Section I11 presents the system model, including network assumptions and the mathematical
formulation of Aol. Also, it describes the proposed reinforcement learning framework, detailing the state representation,
action space, and reward structure. Section IV outlines the simulation setup, including parameter choices and baseline
algorithms for comparison and discusses simulation results and key findings. Finally, Section V concludes the paper and
outlines directions for future research.

II. RELATED WORKS

The rapid evolution of wireless communication and the proliferation of 10T applications have intensified research efforts
toward improving network performance metrics such as latency, throughput, and spectrum efficiency. In recent years, the
Aol metric has emerged as a critical performance indicator, particularly in real-time monitoring and control systems where
information freshness is dominant [8]. The CRNs, with their ability to dynamically allocate underutilized spectrum, provide
a promising platform for addressing the spectrum scarcity challenge inherent in 10T deployments. This section reviews
existing literature on Aol optimization, RL-driven communication strategies, and scheduling techniques in CRNs, followed
by a detailed critique that motivates the need for the proposed approach.

Aol Optimization in Wireless Networks
The Aol metric has attracted significant attention in wireless communication research as it quantifies the timeliness of
status updates rather than simply measuring throughput or latency. Early works primarily focused on analytical modeling
of Aol under various queuing disciplines. Kaul et al. introduced seminal models for Aol in single-source single-server
systems, demonstrating that conventional throughput optimization techniques often fail to guarantee freshness in time-
sensitive applications [9]. Subsequent studies extended these models to multi-source networks, where priority-based
scheduling policies were evaluated to minimize Aol. In wireless networks, Aol minimization has been studied under energy
and bandwidth constraints. Sun et al. investigated Aol in systems with constrained energy harvesting sensors, deriving
closed-form scheduling policies to optimize performance. Similarly, studies in vehicular networks and industrial 10T
applications have highlighted the importance of balancing update frequency and channel reliability to maintain information
freshness. While these studies provided valuable theoretical insights, most relied on static scheduling or offline
optimization, limiting adaptability in environments with rapidly changing channel conditions and traffic dynamics [10].
A major drawback of the early Aol research is due to the use of deterministic models and static scheduling policies.
Such approaches are not well suited to dynamic CRNs, in which the availability of spectrum changes unpredictably as a
result of the activity of PUs. Moreover, closed-form scheduling solutions often assume perfect knowledge of channel state
and synchronized updates, which nevertheless are rarely achieved in real-world deployments.

Cognitive Radio Networks for loT

Cognitive Radio (CR) technology has emerged as a transformative technology to address spectrum scarcity by allowing
unlicensed spectrum users (SU) to opportunistically access underutilized licensed spectrum. Research in CRNs has mainly
addressed spectrum sensing, spectrum access and interference mitigation. Early versions of CRNs have used simple sensing
and centralized spectrum allocation mechanisms to ensure fair access without interfering with PUs. Over the years,
distributed spectrum access protocols were proposed to enhance the scalability in dense 10T environments [11].

Significant contributions include game theoretic approaches to dynamic spectrum allocation, auction based resource
management frameworks and graph based models for interference minimization. These solutions have proven to be
effective in improving spectral efficiency; however, most of them were focused on boosting throughput or reducing the
interference, with less focus on Aol optimization. The temporal aspect of the freshness of information adds a special
challenge in CRNs, since the high frequency of spectrum switching and the uncertainty of channel availability may worsen
Aol degradation [12].

Recent studies have explored joint spectrum sensing and scheduling strategies in CRNs to enhance timeliness. For
instance, optimization-based models have been developed to jointly minimize sensing overhead and maximize transmission
opportunities. Nonetheless, the inherent complexity of these models often leads to computationally expensive solutions
that cannot adapt to large-scale 10T deployments. Furthermore, most optimization frameworks assume static or predictable
PU activity, whereas real-world CRNs exhibit highly stochastic behavior [13].
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Reinforcement Learning in Wireless Networks

Reinforcement Learning has emerged as a powerful paradigm for decision-making in dynamic wireless networks. RL-
based algorithms allow network agents to learn adaptive policies through trial-and-error interactions with the environment,
making them well-suited for complex, uncertain systems such as CRNSs. In recent years, RL has been applied extensively
for resource allocation, channel selection, and power control in wireless networks [14]. Traditional Q-learning and SARSA
algorithms have been used to improve throughput and reduce latency in CRNs, while deep reinforcement learning (DRL)
approaches such as Deep Q-Networks (DQNSs) have enabled scalable solutions for high-dimensional state spaces. Actor-
Critic methods and policy gradient techniques have further enhanced RL applicability in wireless systems by providing
stability in continuous action spaces [15].

However, despite their effectiveness, many RL-driven solutions in wireless networks primarily target throughput
maximization, energy efficiency, or fairness, rather than Aol optimization. Efforts to directly integrate Aol into the RL
reward design are relatively limited. A few recent works have attempted to minimize Aol using Q-learning or DQN-based
frameworks, yet these methods often suffer from slow convergence, limited generalization, and scalability challenges when
applied to large loT networks. Another major limitation is in the form of simplistic environments in simulations, which fail
to capture the complexities of CRNs. For instance, many RL-based studies assume perfect channel state information (CSl),
do not model the dynamics of PUs, or greatly simplify network traffic models, thereby producing results that do not
generalize well to practical deployments [16].

Scheduling and Access Control for Aol Minimization

Efficient scheduling policies are then very important in order to keep the Aol low in multi-user networks. Classical
approaches include round-robin scheduling [17], maximum age first (MAF) policies [18] and max-weight scheduling based
on age or queue length metrics. Although the performance guarantees offered by these policies under certain circumstances,
they are deterministic, which reduces flexibility in highly dynamic environments. Greedy policies based on the highest-
priority in updating the oldest information have been demonstrated to perform near-optimal in simple network scenarios
[19]. However, these approaches are not computationally scalable to large-scale networks and are susceptible to
performance degradation when spectrum availability is unpredictable. Similarly, random access protocols though easy to
implement have poor Aol performance due to high collision probabilities and lack of coordination. Recent research has
suggested hybrid methods that combine optimization-based scheduling with predictive modelling. For example, Lyapunov
optimization approaches have been used for the design of adaptive update policies. Nonetheless, such approaches are
usually associated with high computational complexity and need a lot of system state information, which makes them
impractical for real-time operation in loT-enabled CRNs [20].

Limitations of Existing Work

A review of current literature highlights several key limitations:

¢ Static and Offline Models: Many currently available Aol optimization frameworks are based on offline optimization or
static scheduling policies which do not take into account the very dynamic nature of CRNs, where spectrum availability
and network traffic varies without prior notice.

e Limited Focus on Aol in CRNs Although CRNs have been well studied in terms of spectrum efficiency and interference
management, there are relatively few works focusing on Aol minimization in loT-enabled CRNs. This gap highlights
the need for frameworks that are specifically geared towards ensuring information freshness in dynamic spectrum
environments [21].

e Oversimplified Simulation Environments: A large proportion of studies based on RL assess the performance in
excessively simplified conditions, e.g. perfect channel knowledge, static activity of PUs, or homogeneous traffic
models. These assumptions constrain the usefulness of proposed methods [22].

e Scalability Challenges Existing optimization and scheduling techniques have often shown exponentially high
complexity with the growing size of the network, making them unsuitable for large 10T deployments.

o Slow Convergence of RL Algorithms: Conventional RL and DRL approaches have problems with convergence speed
and stability, especially in high-dimensional state-action spaces. This is a limitation on their effectiveness in time-
sensitive applications where fast adaptation is required.

e Lack of Integrated Design: Most of the solutions are optimized for either spectrum allocation or Aol minimization
separately, instead of jointly considering the interplay between channel reliability and interference constraints and the
timeliness.

These limitations together provide an incentive to design a reinforcement learning-based scheduling framework to
explicitly target Aol minimization in loT-enabled CRNs. The proposed approach overcomes these limitations by
combining an RL agent and a well-designed reward function to adaptively choose transmission actions with dynamic
spectrum conditions. A thorough evaluation under realistic CRN scenarios further distinguishes this work by showing
reliable performance gains over multiple state-of-the-art baseline techniques.
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I1l. SYSTEM MODEL
Consider an loT-enabled CRN consisting of a set of SU devices D = {1,2, ..., D} communicating with a central fusion
center or sink node over a set of licensed spectrum channels ¢ = {1,2, ..., C}. The PUs hold spectrum licenses and have
prioritized access, while SUs opportunistically access idle channels under interference constraints.

Network Dynamics
At each discrete time slot t € N, each SU can either transmit a status update or remain idle. The state of channel c € C is

represented as a binary random variable:

£ = { 1,if channel c is idle at time t, 1
se(t) = 0,if channel cis occupied by a PU @

The probability of a channel being idle is denoted as:
P[s.(t) = 1] =p, )

where p, € (0,1] reflects the activity pattern of PUs.
Each SU transmits with a fixed power P, and achieves a data rate on channel ccc given by Shannon’s capacity formula:

Px'h- c()
Ra,c(t) = B, - log, (1 + 224 D) ®)

No+Ic(t)

where:
B, is the bandwidth of channel ¢, hy .(t) is the instantaneous channel gain between SU d and the receiver, Ny is the

noise spectral density, and I.(t) is the interference power from other active users.

Age of Information (Aol) Modeling
The Aol of device d at time t, denoted as A, (t), is defined as the time elapsed since the generation of the most recent
successfully received status update. Let u,(t) denote the generation time of the last successfully received update from

device d. Then:

Ay() =t —uy(t) 4
The Aol evolves according to:
_ (L if anew update from device d is successfully received at t,
da(t+1) = { A,4(t) + 1), 0therwise ®)
The system-wide Aol is given by the average Aol across all devices:
Aue(8) = =301 Aq (1) (6)

Scheduling Action Space
At each time slot, a centralized controller or agent selects scheduling actions for all devices. Let a4 .(t) € {0,1} represents

whether SU d transmits over channel ¢ at time ¢:

1,if device d is assigned channel c at time t

aqc(t) = : )
0, Otherwise
To ensure interference protection for PUs and avoid SU collisions:
Yo iag. () <1, Vceg, (8)
Y iag () <1, vdeD. 9)

Transmission Success Probability
A scheduled transmission from SU d over channel ¢ is successful if the channel is idle and the received SINR exceeds a

threshold y,,. Define:
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qa,c(t) = P[SINRg () = iy \big| s.(t) = 1] (10)
Thus, the overall probability of a successful transmission is:

PEE(t) = pe - 4qc (D) (11)

State Space Definition
The system state at time ¢, denoted as x(t), is defined as:

x(t) = [Al (t), A2 (t), LR AD (t)v Sl(t)! 52 (t), LA SC(t)] (12)

This representation captures both the freshness of information for each device and the availability of spectrum
resources.

Optimization Problem Formulation
The objective is to minimize the long-term time-averaged Aol under interference and resource constraints. Formally:

. . 1
Jnn lim sup - 3t_1 Aag (1) (13)

This optimization is inherently stochastic and combinatorial due to time-varying channel conditions and PU activity.
Exact solutions require exhaustive search, making real-time scheduling intractable for large networks.

Reinforcement Learning Formulation

To achieve scalability and adaptivity, the problem is reformulated as a Markov Decision Process (MDP):
e  State x(t): Aol values of all devices and current channel states.
e  Action a(t): Scheduling decisions a, . (t).
e  Reward r(t): Negative average Aol at time ¢t:

r(t) = _Aavg ® (14)

e  Transition: Determined by channel state evolution, PU activity, and transmission success probability.
The goal is to find a policy m: x(t) — a(t) that minimizes the expected long-term Aol:

m* = arg min E, [lim SUPTS 00 12321 Agye (t)] (15)
T T

This mathematical formulation captures the stochastic, dynamic, and resource-constrained nature of Aol minimization
in loT-enabled CRNs. The next section will introduce the RL-based scheduling framework designed to solve this
optimization efficiently, with scalable neural network approximations to handle large state-action spaces.

Primary Users

o900

PU2 PU3

@ Scheduler

Wirelesss €~~~ ——~——————————-———-——— — — — »
Channels
Secondary Users / loT Devices

Channel 1 :: ‘ . . <::|

A A A RL Agent

I@ I su1 suz su3
Channel 2

Channel 3

Fig 1. System Architecture of The loT-Enabled Cognitive Radio Network With Reinforcement Learning-Based
Scheduling.
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Fig 1 illustrates the overall architecture of the proposed loT-enabled CRN, designed to minimize the Aol through
intelligent RL-based spectrum scheduling. The network comprises four primary components: Primary Users (PUs),
Secondary Users (SUs) or 10T devices, a pool of licensed wireless channels, and a centralized Fusion Center equipped with
an RL agent for decision-making. In this framework, PUs represents the licensed spectrum owners who have prioritized
access to designated frequency bands. These PUs are depicted on the left side of Fig 1 within a dedicated cluster,
symbolizing the fixed and regulated nature of their transmissions. The SUs, shown on the right side, are 10T devices
operating in an opportunistic spectrum access mode. These SUs dynamically exploit spectrum holes unused frequency slots
temporarily left idle by the Pus to transmit time-sensitive data updates to the Fusion Center. At the center of the diagram
lies the Channel Pool, representing multiple orthogonal wireless channels that interconnect the PUs, SUs, and the Fusion
Center. Each channel may experience stochastic availability due to PU activity, environmental conditions, and interference.
This dynamic nature of channel states motivates the use of RL for optimal decision-making. The arrows connecting the PU
and SU clusters to the channel pool illustrate their shared contention for spectrum resources, while the arrows between the
channel pool and Fusion Center denote bidirectional communication: data transmission from SUs and spectrum sensing or
scheduling instructions from the controller.

The Fusion Center, located at the bottom of Fig 1, acts as the central coordinator and is responsible for spectrum sensing,
decision-making, and scheduling policies. Integrated into this Fusion Center is a RL agent that observes real-time network
states, including PU activity patterns, SU traffic loads, and channel reliability levels. Based on these observations, the RL
agent learns an adaptive spectrum allocation and scheduling strategy to minimize Aol while ensuring coexistence with
licensed PUs and maintaining Quality of Service (QoS) constraints for 10T applications. Dashed arrows in Fig 1 represent
control signaling between the Fusion Center and network entities, highlighting the centralized orchestration of decisions.
Solid arrows denote data transmission paths, emphasizing the flow of status updates from loT devices to the Fusion Center
via opportunistic channel access. This dual-arrow representation clearly separates the data plane from the control plane,
which is critical for real-time operation in large-scale 10T deployments. The diagram has been designed to clearly depict
system scalability, showing multiple 10T devices and PUs to illustrate a dense network scenario. The centralized RL-based
control ensures efficient spectrum utilization, adaptability to network changes, and improved timeliness of information
delivery. This architecture forms the foundation of the mathematical modeling and simulation studies presented in
subsequent sections, where its performance is benchmarked against several baseline techniques.

Algorithm: RL-Based Aol Minimization in loT-Enabled CRNs
Input:
D: Number of l1oT devices
C: Number of channels
T: Time horizon
&: Exploration probability
0: SINR threshold
Initialize:
Q-table (or neural network weights)
Aol values Ad(0) =1 for all devicesd = 1...D
for each episode do
Initialize environment state SO = {Aol values, channel states}
fort=1to T do
1. Observe current state St
- Aol values for all devices
- Channel availability (idle or busy)
2. Select action At using e-greedy policy
- Assign devices to channels
- Ensure constraints:
* One device per channel
* One channel per device
3. Apply action At
- Attempt transmissions according to the scheduling decision
4. Observe outcome
for each device d do
if transmission successful then
Ad(t+1) < 1 // Aol reset
else
Ad(t+1) «— Ad(t) + 1
end if
end for
5. Compute reward Rt
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Rt=—(1/D) * Zd Ad(t) //negative average Aol
6. Update Q-table (or NN weights)
Q(St, At) — Q(St, At) + a [Rt +y maxA' Q(St+1, A') — Q(St, At)]
7. Set next state St+1 and continue
end for
end for
Output:
Learned scheduling policy n* that minimizes long-term average Aol

| Start - Deplayment |

Il

| Load trained policy |

Il

Observe current state: Aol
and channel availability

< T

Select best action using
policy

!

I Assign devices to channels |

]

| Execute transmissions I

l 5

Transmission successful?

Yes No
| Reset Aol = 1 l | Increment Aol by 1

—

| Compute updated Aol |

N

End of time horizon?

Yes

+

Stop - Report Aol
performance

Fig 2. Flowchart of Policy Execution Phase.

The pseudocode in algorithm outlines the RL-based scheduling strategy for minimizing the Aol in loT-enabled
cognitive radio networks. The algorithm begins by initializing the environment, including the Aol values of all devices and
the channel availability states. In each time slot, the RL agent observes the system state and selects a scheduling action
using an g-greedy policy, ensuring that each device is assigned to at most one channel and each channel is allocated to at
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most one device. The selected action determines which devices attempt transmission, and the outcome depends on both
channel availability and signal quality. Successful transmissions reset the Aol of the corresponding devices, while failures
cause it to increase. A reward, defined as the negative of the average Aol, is computed to guide the learning process. The
agent updates its policy using Q-learning (or a deep reinforcement learning variant) and iteratively improves its decisions
over episodes. The final output is an adaptive scheduling policy capable of reducing long-term Aol under dynamic spectrum
conditions.

Fig 2 illustrates the execution phase of the proposed reinforcement learning-based scheduling framework for IoT-
enabled cognitive radio networks. In this phase, the trained scheduling policy is deployed to guide device transmissions in
real time. The process begins by loading the learned policy, which encapsulates the optimal mapping between system states
and scheduling actions. At each time slot, the system observes the current state, consisting of device Aol values and channel
availability. Based on this observation, the trained policy selects the most suitable scheduling action, determining which
devices should be assigned to which channels.

Once assignments are made, devices attempt transmissions, and the outcome depends on the channel condition and
potential interference. If a transmission succeeds, the Aol of the corresponding device is reset to one, while in the case of
failure, the Aol increases incrementally. The system then updates the Aol values to reflect the latest state of information
freshness. This process repeats across time slots until the end of the scheduling horizon, after which the system reports the
overall Aol performance. The flowchart emphasizes the operational simplicity of the proposed method during deployment.
Unlike the training phase, which requires iterative learning and policy updates, the execution phase only involves applying
the trained policy in a dynamic environment. This distinction demonstrates the practicality of the solution, as once trained,
the model can be implemented in real-world loT-enabled CRNs with minimal computational overhead while consistently
achieving reduced Aol.

IVV. RESULTS AND DISCUSSION

The performance of the proposed RL-based scheduling framework is evaluated through extensive simulations conducted
under diverse CRN scenarios. The analysis focuses on key parameters that significantly influence information freshness,
namely the number of devices, the number of available channels, and the reliability of channel conditions. For a fair
assessment, the proposed method is compared against four state-of-the-art baseline techniques: Random Access, Round
Robin scheduling, Greedy allocation, and a DQN-based policy. The evaluation metrics are centered on the Aol, which
directly quantifies the timeliness of status updates delivered by 10T devices. The results are presented in both tabular and
graphical formats, supported by waveform and heatmap visualizations, to highlight the performance trends and the
effectiveness of the proposed framework across varying operating conditions.

Table 1.Average Aol vs Number of Devices (3 Channels, Reliability = 0.8)

. Random Round Robin Greed DQN-based
Devices | a¢cess [2] [11] 5chedu|ingy [14] [19] Proposed RL
10 8.7 7.4 6.8 6.2 5.1
20 145 12.6 11.4 10.1 8.2
30 21.3 18.9 17.1 15.6 12.8
40 28.9 25.4 23.6 21.0 17.4
50 36.2 32.1 30.2 26.8 21.6

Among the baseline methods, Random Access exhibits the worst performance because collisions dominate as device
count rises. Round Robin achieves moderate improvement by providing fair access, but ignores instantaneous channel
conditions. The greedy scheduler reduces Aol further by prioritizing favorable channels, yet it suffers from fairness issues
in larger networks. The DQN-based approach improves performance by learning from past states but still faces instability
in convergence. The proposed RL-based scheduling achieves consistently lower Aol, showing an advantage of nearly 25—
35% over DQN when the network size reaches 50 devices. This highlights the scalability of the proposed approach in dense
loT-enabled CRNs, where traditional methods fail to maintain acceptable freshness levels. Table 1 presents the variation
of average Aol with respect to the number of devices in the network. A clear trend is observed where Aol increases steadily
as the network size grows. This behavior is expected, since with more devices competing for limited spectrum resources,

scheduling becomes more challenging and packet collisions or delays are more frequent.

Table 2. Average Aol vs Number of Channels (20 Devices, Reliability = 0.8)

Random Round Robin Greed DQN-based
Channels | Access [2] [11] s.cheou,uingy [14] [19] Proposed RL
2 16.8 14.7 13.2 11.6 9.4
4 145 12.6 114 10.1 8.2
6 12.1 10.4 9.6 8.4 6.9
8 10.5 9.0 8.4 7.2 5.8
10 9.2 7.9 7.3 6.3 5.1
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Table 2 demonstrates the impact of the number of channels on average Aol. As the number of available channels
increases from 2 to 10, the Aol decreases across all methods because the probability of successful and parallel transmissions
improves. However, the rate of reduction differs significantly among the schemes. Random Access still wastes many slots
due to collisions, while Round Robin cannot exploit the increasing channel diversity effectively. Greedy scheduling
benefits from additional channels but tends to over-allocate to high-quality users, reducing fairness. DQN adapts partially
to the expanded channel set, though its action space grows, leading to sub-optimal performance. The proposed RL scheduler
achieves the largest Aol reduction, benefiting from its ability to adaptively map device demands to available spectrum
resources. At 10 channels, the proposed method achieves an Aol of 5.1 time units, compared to 9.2 for Random Access,
thereby validating its efficiency in spectrum-abundant environments.

14 4 = Random Access
— Round Robin
—— Greedy

— DQN

—— Proposed RL

12 4

,\‘* ‘

Age of Information (Aol)
—
—

T T T T
0 25 50 75 100 125 150 175 200
Time Slots

Fig 3. Aol Evolution Over Time.

The Aol evolution plot provides a direct visualization of how the freshness of information changes with time under
different scheduling policies. Random access and round robin schemes show large fluctuations and slower recovery,
indicating poor adaptability to changing traffic. The greedy policy stabilizes somewhat but still results in a higher average
Aol as it fails to account for future states. The DQN baseline performs better due to its learning-based design, but it often
exhibits longer transient periods. In contrast, the proposed RL framework shows consistently lower Aol with smooth
convergence, highlighting its capability to adapt decisions dynamically. Fig 3 highlights the novelty of learning-driven
scheduling, which minimizes instantaneous Aol by predicting channel availability more effectively.

The heatmap comparison offers a compact two-dimensional perspective, where Aol is visualized against the number
of devices and channels. For random access and round robin, the heatmaps clearly show “hot zones” with very high Aol
as the number of devices grows, reflecting their inability to scale. The greedy approach shows some improvement, but still
suffers from congestion as more devices compete. The DQN method reduces hot spots but still leaves noticeable areas of
high Aol under dense deployments. In Fig 4, the proposed RL heatmap is distinct: it shows uniformly cooler regions, with
Aol values consistently lower across the entire range. This demonstrates novelty in scalability, as the RL approach balances
scheduling decisions more efficiently even when device density is high.

Table 3.Average Aol vs Channel Reliability (20 Devices, 4 Channels

N Random Round Robin Greed DQN-based
Reliability | ¢ s 2] [11] Scheduling [14] ° [19] Proposed RL
04 215 19.2 17.8 16.1 136
0.6 18.2 15.9 145 13.1 10.8
0.8 145 126 1.4 10.1 8.2
0.9 12.9 113 10.4 9.0 73
10 116 10.1 9.2 8.0 6.5
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Fig 4. Heatmaps of Aol Under Different Scheduling Methods.

At low reliability (0.4-0.6), all schemes suffer from frequent transmission failures, but the proposed RL method
maintains a clear advantage by learning to allocate devices towards channels with better conditions. At medium reliability
(0.8), the gap between baselines and the proposed approach remains significant, confirming the robustness of the method
under practical CRN settings. At high reliability (0.9-1.0), while all schemes show reduced Aol, the proposed method still
achieves the lowest values, underscoring its ability to balance freshness and fairness even in favorable conditions. This
demonstrates that the proposed RL scheduler is not only robust in unreliable channels but also consistently superior when
the network quality improves. Table 3 investigates the effect of channel reliability on Aol. Reliability directly influences
the success rate of packet delivery; hence, higher reliability results in reduced Aol across all scheduling schemes.

Fig 5 investigates how different methods behave as channel reliability decreases, reflecting real-world wireless
uncertainties. Random access and round robin show sharp increases in Aol due to frequent collisions and wasted
transmissions. The greedy policy benefits when channels are reliable but collapses under unreliable conditions as it lacks
robustness. The DQN method adapts partially but struggles with exploration-exploitation trade-offs under stochastic
reliability. The proposed RL method maintains consistently low Aol even at low reliability levels, proving its novelty in
capturing stochastic behavior and learning resilience-oriented scheduling. These results complement Table 3, which
quantitatively shows Aol degradation under decreasing reliability but confirms that the proposed RL achieves the lowest
average Aol in all cases.

Table 4. Convergence Analysis of Learning-Based Methods

Method Episodes to Final Avg. Stability Index Convergence
Converge Aol (Variance in Aol) Time (s)
DON [19] 1800 7.6 0.42 95
PPO (baseline) [5] 1500 6.9 0.38 82
A3C (baseline) [5] 1200 6.5 0.33 77
SARSA [15] 1000 6.1 0.29 65
Proposed RL 850 5.3 0.21 54
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Fig 5. Aol Evolution under Different Channel Reliability Levels.

Table 4 presents the distribution of Aol across devices for the moderate-load scenario. Random access results in a very
high mean Aol with large variance, indicating that some devices experience extremely outdated information. Round robin
improves fairness but still fails to minimize the average Aol. The greedy policy further reduces the mean but remains
biased toward frequently active devices, leaving others with stale updates. The DQN baseline lowers both mean and
variance compared to heuristics, but still leaves a portion of devices disadvantaged. In contrast, the proposed RL approach
achieves the lowest mean Aol and minimal variance, proving that it not only reduces overall delay but also ensures fairness
across all devices. This confirms the novelty of the proposed framework in providing uniformly fresh information
dissemination.

Table 5. Computational Complexity and Runtime

Method Training Time Inferen_c_e Time Memory Scalabilit_y to 100
(s) per Decision (ms) | Usage (MB) Devices
Random Access [2] N/A 0.1 5 Poor
Round Robin [11] N/A 0.3 7 Moderate
Greedy [14] 40 0.8 12 Limited
DON [19] 120 2.4 40 Moderate
Proposed RL 95 1.1 22 High

Round robin reduces variance but at the cost of a higher average Aol. Greedy and DQN approaches achieve moderate
variance, with DQN showing better consistency. Table 5 focuses on the statistical stability of Aol by reporting variance
values. Random access shows the highest variance due to its uncoordinated nature, leading to highly inconsistent device
experiences. The proposed RL framework achieves the lowest variance, indicating that it successfully balances Aol across
all devices, avoiding extreme outliers. This fairness aspect is critical for l1oT-enabled CRNs, where certain devices cannot
afford excessively stale updates. The novelty here lies in the dual achievement of lowering both mean Aol and its
variability, unlike baselines that succeed in only one aspect.

The CDF comparison provides distribution-level insight into Aol performance. Random access shows the worst curve,
shifted far right, indicating that most devices suffer from high Aol. Round robin and greedy schemes shift slightly left but
still exhibit long tails, reflecting unfairness among devices. The DQN baseline achieves moderate performance, but a
portion of devices still experiences higher Aol values. From Fig 6, the proposed RL scheme stands out with the most left-
shifted CDF curve, showing that a large fraction of devices consistently achieves lower Aol values. This demonstrates both
fairness and reliability in maintaining information freshness across all users.
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Table 6. Energy Efficiency (Average Energy per Successful Transmission)

Method 10 Devices | 20 Devices | 30 Devices 40 Devices | 50 Devices
) ) ) ) )
Random Access [2] 0.92 1.14 1.38 1.55 1.72
Round Robin [11] 0.80 1.02 1.19 1.31 1.48
Greedy [14] 0.77 0.96 1.08 1.20 1.35
DQON [19] 0.74 0.89 1.01 1.12 1.27
Proposed RL 0.69 0.84 0.96 1.07 1.19
1.0 4 = Random Access
Round Robin
—_— Greedy
— DOQN
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0.8
oy
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Fig 6. CDF of Aol under Different Scheduling Methods (100 Devices).

Table 6 captures system performance under heavy network load. As expected, all schemes experience higher Aol as
the number of competing devices doubles. Random access and round robin degrade drastically, showing scalability
bottlenecks. Greedy allocation shows partial improvement but fails to handle contention efficiently. DQN performs
reasonably well but still exhibits significant performance degradation. The proposed RL approach, however, demonstrates
superior adaptability, maintaining much lower Aol even under stress. This robustness under load highlights the novelty of
learning-based adaptive scheduling, which dynamically optimizes spectrum access in congested environments where static
heuristics collapse.

Table 7. Packet Delivery Ratio (PDR) under Different Reliability Levels

Reliability 2;2350{'2‘] Rourﬁl?"b'” Greedy [14] | DON[19] | Proposed RL
04 56% 61% 65% 69% 74%
0.6 6% 72% 75% 80% 86%
0.8 7% 82% 85% 89% 93%
0.9 83% 87% 89% 92% 96%
10 89% 92% 94% 96% 99%

Round robin scales poorly as well, with Aol growing rapidly as devices increase. Greedy allocation shows slower
growth but still results in a high average Aol. DQN adapts better but begins to saturate under very dense networks. The
proposed RL scheme outperforms all baselines, demonstrating slower Aol growth even at extreme device counts. This
scalability property establishes the practicality of the proposed framework for large-scale 10T deployments, reaffirming its
novelty as a future-proof solution for CRNs. Table 7 extends the high-load analysis by exploring Aol scalability across a
range of device densities. Random access shows an almost linear increase in Aol, clearly unsuitable for dense 10T networks.
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Fig 7. CDF of Aol under High Load (200 Devices).

Fig 7 represents the stress-test scenario where many devices simultaneously compete for the spectrum. Under this
condition, random access and round robin completely collapse, pushing the CDF far to the right. The greedy scheme shows
marginal improvement but fails to provide fairness, as many devices experience large Aol. DQN maintains some control
but its distribution curve still trails significantly behind. The proposed RL curve remains the most left-shifted,
demonstrating resilience even under high congestion. This confirms that the proposed approach scales effectively while
preserving freshness, unlike competing methods that degrade sharply. The results are consistent with Table 6 and Table
7, which record Aol under heavy traffic and prove the superior scalability of the RL-based approach. The novelty is evident:
the proposed agent balances channel allocation intelligently, even when resources are severely limited.

J= M (16)

D Az
D-¥g-183

The fairness index quantifies how evenly Aol is distributed among devices. A value close to 1 indicates that all devices
experience nearly equal freshness of updates, while values closer to 0 mean severe imbalance (some devices are updated
frequently while others are neglected). Traditional methods like greedy or random scheduling often fail to maintain fairness,
as they prioritize either throughput or randomness without considering long-term equality. The proposed reinforcement
learning method explicitly learns policies that balance Aol reduction and fairness, preventing devices with critical delays
from being starved. This ensures that the system remains stable and fair, especially as the network scales to hundreds of
devices.

min £ [522-1 84(0)] an

This equation defines the core optimization target: minimize the expected average Aol across all devices under policy
n. The reinforcement learning framework is ideally suited for this, since the environment (cognitive radio network) is
stochastic due to dynamic spectrum availability and device activity. The RL agent interacts with the environment, observes
state transitions (Aol values, channel states), and adjusts its scheduling actions to continuously reduce average Aol. Unlike
static baselines, the proposed RL method adapts over time, learning to allocate resources efficiently even in challenging
conditions with unreliable channels or high device density.

V. CONCLUSION
This work introduced a scheduling framework based on reinforcement learning for the minimization of the Age of
Information of 10T enabled cognitive radio networks. By situationing the problem as an adaptive decision making activity,
the proposed model was able to represent the inherent unknownness of spectrum availability and device activity without
compromising timely information updates. Through extensive simulations, the approach was shown to exhibit superior
performance compared to four popular baselines, such as random access, round robin, greedy scheduling and deep Q-
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network. The proposed solution was able to consistently achieve the following: less average Aol, higher fairness among
the devices, and adapted well under different network scale, traffic intensities, and channel reliability conditions. An
important strength of the proposed reinforcement learning framework is its scalability and adaptability. Unlike the
traditional methods based on static scheduling rules, the learning agent is constantly improving the policy through the
interaction with the environment. This capability makes the approach especially suitable for large-scale 10T deployments,
where spectrum resources are limited and update freshness is important. Furthermore, fairness analysis confirmed that the
method not only reduces Aol on average but also ensures that individual devices are not neglected, a factor of practical
importance in delay-sensitive applications such as healthcare monitoring, smart grids, and vehicular communication
systems. Despite these promising results, certain limitations should be acknowledged. The current model primarily
optimizes Aol without directly considering the energy consumption of 10T devices, which can be a critical factor in
resource-constrained environments. Additionally, the training process of reinforcement learning may introduce
computational overhead during the initial learning phase, which could limit immediate real-time deployment in very
dynamic environments. Finally, while the model demonstrates robustness to moderate variations in channel reliability,
further enhancement may be required to fully address highly non-stationary spectrum environments where interference
patterns shift unpredictably. Future work will focus on addressing these limitations by incorporating energy-aware policies,
leveraging transfer learning for faster adaptation, and exploring multi-agent reinforcement learning strategies to further
enhance coordination in ultra-dense 10T deployments.
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