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Next-generation heterogeneous wireless networks (HWN5s) require advanced
scheduling solutions to guarantee high quality of service (QoS) while
sustaining throughput, minimizing latency, and efficiently utilizing spectrum
resources. Traditional link scheduling and admission control techniques are
constrained by interference complexities and dynamic mobility patterns,
leading to suboptimal connectivity and reduced network performance. To
address these limitations, this paper introduces a throughput maximization
and link overhead minimization-aware scheduling (TMLOMS) strategy. The
proposed mechanism embeds adaptive backoff-time optimization into
resource allocation and incorporates a priority-driven call admission control
process powered by an optimized deep reinforcement learning (ODRL)
framework. The TMLOMS-ODRL is mathematically modeled to balance
trade-offs between spectral efficiency, throughput maximization, and latency
minimization, thereby enhancing QoS across diverse user requirements.
Performance is validated using the Stanford University Interim (SUI)
channel model under both urban and highway propagation environments,
capturing realistic interference and mobility dynamics. Comparative
evaluation against the hybrid beamforming (HBF) optimized through DRL
method demonstrates that TMLOMS-ODRL significantly reduces resource
access failures, lowers delay, and improves delivery ratio and throughput.
The proposed strategy establishes a scalable and intelligent link scheduling
mechanism for HWNs, ensuring resilient QoS-driven performance under
complex real-world conditions.
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1. INTRODUCTION

With the exponential growth of fifth and sixth generation (5G/6G) wireless networks, supporting
diverse and complex application service provisioning has become a critical challenge. These applications
demand ultra-reliable connectivity, minimal latency, and seamless communication in highly dense and
heterogeneous environments [1]. The integration of internet of things (IoT), vehicular communications, and
mission-critical services intensifies the requirements for efficient resource management and admission
control in heterogeneous wireless networks (HWNs). Traditional resource allocation mechanisms, designed
for relatively static user mobility and predictable traffic patterns, are inadequate in fast-fading and highly
mobile scenarios [2], [3]. In practice, communication links in dynamic urban and highway environments are
often exposed to severe propagation loss, random interference, and variations in channel occupancy, thereby
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complicating the design of link scheduling and admission control frameworks. The primary objective of this
study is to design and develop a novel link scheduling mechanism that enhances network performance and
ensures quality of service (QoS) in dense HWNs. Specifically, the work aims to maximize throughput,
minimize latency, and reduce overhead while providing reliable connectivity under complex interference
scenarios. By incorporating a realistic propagation model and leveraging deep reinforcement learning (DRL),
the proposed approach intends to dynamically adapt to user mobility and heterogeneous service requirements.

Conventional resource allocation methods rely on pre-determined strategies or periodic adjustments,
which can effectively manage resources under stable conditions [4]. Multi-user multiple-input
multiple-output (MU-MIMO) technology has been widely explored as a key enabler to enhance spectral
efficiency and accommodate multiple simultaneous transmissions [5]-[9]. Recent research efforts also
highlight the use of soft-computing models such as machine learning (ML) and DRL for intelligent resource
allocation, call admission control, and interference mitigation [10]—[15]. While these methods show promise,
they often assume limited user mobility, fail to capture dynamic interference patterns, or are computationally
inefficient for real-time large-scale deployment [16], [17]. Consequently, the current approaches do not fully
address the challenges of resource access failures, throughput degradation, and service priority assurance in
high-mobility environments [18]-[20]. The dynamic nature of HWNs presents unique challenges that
existing solutions struggle to manage. Fast-fading channels, varying user locations, non-line-of-sight (NLOS)
obstructions, and fluctuating interference patterns significantly degrade network reliability [7]. Moreover,
DRL-based resource allocation frameworks, while effective in static or moderately dynamic networks, often
fail to deliver optimal results under extreme interference conditions [18]. The lack of integration between
throughput maximization and overhead minimization further limits their ability to guarantee QoS. Therefore,
there is an urgent need for a robust and adaptive scheduling mechanism capable of optimizing resource
allocation and admission control in highly dense, interference-prone environments.

The motivation behind this research stems from the pressing demand for resilient and scalable link
scheduling mechanisms in the era of 6G and beyond. With emerging applications such as autonomous
driving, augmented reality, and industrial IoT, networks must be capable of handling extreme mobility and
stringent QoS requirements. Current methods fall short in balancing throughput, spectral efficiency, and
latency, particularly under realistic propagation conditions such as those modeled by the Stanford University
Interim (SUI) channel. This gap motivates the design of a novel framework that not only incorporates
advanced optimization but also adapts intelligently to diverse propagation environments.

This study addresses the following research questions: i) how can link scheduling be designed to
simultaneously maximize throughput and minimize overhead under dense HWN conditions? ii) in what ways
can adaptive backoff-time optimization improve resource allocation and reduce access failure? iii) how can
an optimized deep reinforcement learning (ODRL)-based admission control mechanism ensure QoS in urban
and highway mobility scenarios modeled by the SUI channel? and iv) what performance gains can be
achieved compared to existing DRL-based resource allocation and admission control methods? To answer
these questions, this paper proposes a throughput maximization and link overhead minimization-aware
scheduling (TMLOMS) strategy. The framework integrates three key components: throughput gain
formulation with interference optimization, embedding adaptive backoff-time control into resource
allocation. Priority-aware call admission control, ensuring fairness and user-centric QoS by ranking service
demands. ODRL mechanism, dynamically learning optimal scheduling and allocation policies under fast-
fading conditions. The model is validated under the SUI propagation model, accounting for both urban and
highway scenarios, thereby capturing realistic interference and mobility dynamics.

The proposed TMLOMS-ODRL contributes significantly to the advancement of next-generation
HWNs by: reducing access failures and transmission latency through adaptive overhead minimization.
Enhancing throughput and spectral efficiency under complex interference. Ensuring scalable and QoS-driven
performance across heterogeneous mobility conditions. Providing a mathematically grounded and
simulation-validated framework applicable to urban and highway environments.

The remainder of this paper is structured as follows. Section 2 presents a detailed literature survey
on resource allocation and admission control strategies in HWNs. Section 3 formulates the problem and
introduces the mathematical model for TMLOMS-ODRL. Then, explains the proposed methodology and its
components. Section 4 discusses the experimental setup and simulation scenarios under the SUI model. Then,
presents the performance evaluation and comparative analysis against state-of-the-art methods. Finally,
section 5 concludes the paper and highlights directions for future research.

2. LITERATURE SURVEY
The rapid evolution of HWNs has motivated the integration of ML and DRL for admission control,
spectrum management, and link scheduling. Recent contributions have advanced resource optimization
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strategies, yet several limitations persist that restrict their applicability in dense and highly mobile
environments [21], [22]. Digital-twin—assisted DRL frameworks have been explored to enhance adaptability
in network slicing scenarios [23]. While such methods improve admission control through online learning,
they often rely on simplified interference assumptions, leaving their effectiveness in highly dynamic
propagation environments uncertain. Moreover, the additional digital-twin layer increases system
complexity, limiting their scalability in real-time urban mobility conditions. Similarly, multi-objective
resource optimization using power-domain non-orthogonal multiple access (NOMA) has demonstrated
spectral efficiency gains [24]. However, the approach suffers from computational overhead and does not
sufficiently address latency-sensitive applications, especially under fluctuating channel states.

Dynamic spectrum sharing using DRL has been recognized as a key enabler for improving spectrum
utilization in HWNs [25]. Although effective for spectrum reuse, these schemes primarily focus on channel
availability without integrating admission control mechanisms tailored to user-specific QoS requirements. As
a result, access failures and fairness issues arise when the network load intensifies. In parallel,
cell-free massive multiple-input multiple-output (MIMO) systems have been optimized for duplex mode
operation to improve long-term energy efficiency [26]. While such techniques reduce energy expenditure,
they overlook instantaneous throughput fluctuations and user-priority handling, which are essential in time-
sensitive scenarios.

Scheduling efficiency has also been targeted through heuristic search-based multi-user MIMO
uplink scheduling [27]. These methods reduce computational complexity but often result in suboptimal
throughput performance due to their reliance on iterative heuristics rather than adaptive learning. Likewise,
research on full-duplex cell-free massive MIMO with imperfect channel state information (CSI) and user
mobility [28] highlights the significant role of channel uncertainty. While analytical insights are valuable, the
lack of adaptive scheduling in response to real-time CSI variations limits the applicability of these models in
dense deployments.

More recent works have incorporated synergistic DRL models for joint access point scheduling and
power allocation in massive MIMO [29]. These strategies improve spectral efficiency, yet they
predominantly emphasize static performance metrics, lacking mechanisms to minimize link scheduling
overhead and access delay. Similarly, integrated access and backhaul frameworks leveraging MU-MIMO and
NOMA have been designed for resource scheduling [30]. Although suitable for hierarchical network designs,
their performance deteriorates in highly interfered urban settings, as the backhaul bottleneck remains
largely unaddressed.

Advanced DRL-based approaches for uplink—downlink multi-connectivity scheduling in full-duplex
networks have also been proposed [31]. While such methods enhance link reliability, they suffer from
training complexity and do not explicitly address throughput optimization under varying mobility patterns. In
the domain of beyond-5G millimeter-wave networks, interference-aware beam allocation with hybrid
beamforming (HBF) has shown promising results [32]. Nevertheless, these models require accurate
interference estimation, which becomes computationally demanding and error-prone in realistic environments.

From the above analysis, it is evident that existing approaches have made substantial progress
toward efficient scheduling and resource allocation. However, key limitations remain: lack of joint
optimization between throughput maximization and overhead minimization. Limited adaptability to realistic
propagation conditions, particularly in urban and highway mobility scenarios. Insufficient prioritization of
user-specific QoS in admission control. High computational complexity of DRL-based models, restricting
real-time deployment. Ineffective handling of interference dynamics under fast-fading channels and dense
topologies [33].

To address these shortcomings, this paper proposes a TMLOMS strategy with ODRL. Unlike prior
models, TMLOMS introduces a throughput gain formulation with adaptive backoff-time control, directly
embedding interference mitigation into the resource allocation process [34]. Furthermore, the proposed
ODRL-driven admission control mechanism ensures priority-aware service differentiation, thereby reducing
access failures and delays. By incorporating the SUI propagation model for both urban and highway
scenarios, TMLOMS-ODRL captures realistic channel dynamics overlooked in earlier studies. Through this
integration, the framework ensures resilient, scalable, and QoS-centric scheduling, offering a significant
improvement over state-of-the-art methods [23]-[32].

3. METHOD

In this section introduces TMLOMS model for MU-MIMO networks as shown in Figure 1. The
TMLOMS first present a throughput maximization model; then, present a dynamic link resource scheduling
(DLRS) model maximizing throughput for each mobile node; then, the DLRS model is extended to design
multi-link resource scheduling for multi-user throughput maximization to ensure minimal link overhead.
Finally, the in ensuring fair link resource allocation a greedy-aware deep reinforced learning model is
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introduced ensuring task priority is met without inducing link overhead and maximizing the throughput of
MU-MIMO. The TMLOMS ensure better network performance like improved throughput, lesser access
failure with improved spectral efficiency.

Problem Definition

Dynamic Link Resource Scheduling
(DLRS)
(Throughput Maximization)

Multi-User Link Scheduling
(Fairness and QoS)

]

Overhead Minimization
(Energy and Latency)

I

Optimized Deep Reinforcement Learning
Optimization (ODRL)
(Adaptive Performance under Different
Radio Propagation Environment)

Figure 1. Block diagram of the TMLOMS

3.1. Network model and notation

This work considers a MU-MIMO 5G network X with a set of IoT/mobile nodes denoted as
R ={1,2,..,R}. Each node x € R is allocated wireless resources (e.g., subcarriers, beams, or time-slots)
denoted by Y = {1,2,...,T}. Let ey, € {0, 1} denote the binary indicator for link resource allocation, where
exy is set to 1, if resource y is assigned to node z, else e, is set to 0. Let L, € [0, 1] be the probability that
node x can successfully access resource y. Let V, € Ydenote the candidate resource set of nodes x. All
symbols are defined before use and summarized in Table 1 for clarity and reproducibility.

Table 1. Mathematical symbols and definitions

Symbol Description Unit
R Number of mobile nodes count
Yy Set of available resources (subcarriers / slots) count
Exy Resource assignment indicator binary
Sy Throughput of node x Mbps
Ly Access success probability probability
|74 Candidate resource set of node x set
D Overhead factor ratio
A Contention window size slots
17 Slot duration ms
a Learning rate -

4 Discount factor -

Q(

%]

,a)  Action-value function -

3.2. Throguhput maximization problem defnition

The throughput gain of node x is denoted as S,. The aggregate throughput maximization problem
in (1). Subject to the constraint that each resource is assigned to exactly one node in (2). The achievable
throughput for node x is expressed as (3).

maxE = $2_, 5, (1)
Yiew =1 Vyey ()
Se=1- HyEVx(l - lxy)exy (3)
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In (3) thus captures the probability that node x accesses at least one resource in V. Since the above
optimization is a non-linear integer non-deterministic polynomial-time hard (NP-hard) problem, this study
design DLRS for efficient resource allocation.

3.3. Dynamic link resource scheduling model

The DLRS algorithm dynamically assigns resources to nodes while maximizing throughput and
minimizing computation. For each node x, the best candidate resource is selected as (4). The throughput gain
increment is expressed as (5).

Yy = argmax Lyy 4
YEV,
68, = lxy,’c l_[yEVx(1 - lxy) )

In (5) highlights that as more resources are allocated, the marginal throughput gain diminishes. The
complete process of fairness-aware DLRS is provided in Algorithm 1. The key enhancement are the model
introduces fairness weight w, proportional to historical throughput, to avoid starvation. Then, adopt adaptive
tie-breaking when multiple nodes compete for the same resource.

Algorithm 1. Fairness-aware DLRS

Compute weighted gain: §S, = w, - §S,.
Select node x' = argmax &S,

1:  Start
2:  Input available channel Y, set of nodes R
3:  Initialize V, = @, Vx.
4:  Foreachnode x € R:
5: Compute y; = argmax L.,
Y€Y
6: Evaluate §S, using (5)
7:
8:

X
9:  Allocate channel y,, to nodes x'.
10:  Update Y « Y\{y..}.
11:  Update fairness weights w, « f(w,,S,)
12:  Repeat until all resource is allocated or Y = @
13:  Stop

3.4. Multi-user link scheduling and overhead control

While DLRS ensures throughput maximization, overhead from contention (e.g., medium access
control (MAC) backoff) must be minimized. For shared channels, the throughput gain for node x considering
V users is expressed as (6). Where D = overhead factor (0 < D < 1), and V,¢ = complement of resource set
V.. The improved multi-user overhead-aware scheduling Algorithm 2 improvement are: Incorporated
adaptive overhead monitoring so that D is updated per allocation; then prioritize low-contention allocations
to reduce collisions.

8572 (y) = (1= 2) A = D)y (Mo, (1 = L)) * (1 = Myee@ — L) ©

Algorithm 2. Overhead-aware mutual scheduling
Start
Initialize assigned channels P, overhed estimate D,
Run Algorithm 1 to obtain initial allocation.
For each shared channel group P;:

For each user j € F,, compute 65]-(0'17) (¥) using (6).

Update overhead D using (10).

If |D — D,| > €p, repeat with updated D
Accept allocation if throughput gain is positive and overhead is stable.
Continue until all resources are assigned.

1
2
3
4
5
6: Select user j;, = arg m}ax ) Sj(o'b) ).
7
8
9
1
1 Stop

0
1
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3.5. Link overhead minimization model

To minimize collisions, the contention window size A is optimized. The probability of the first
collision when r users contend is (7). The total collision likelihood is (8). This study select in (9). ensuring a
balance between collision risk and MAC overhead. The expected overhead is (10). Where ¢ defiens slot
duration, s; — s5 are protocol delays, and S; defines the cycle duration.

_ Yy (A—x-1\""Y
L =35,32(0) () (22 (M)
L, =Yk, Lg) * Pr{r mobile nodes contend} (8)
A = min{A|L,(A) < €.} )]
[A-1]p
D(A) _ > +51+:12+53+S4+55 (10)

3.6. Optimized deep reinforcement learning model for Algorithm 2 optimization

This study enhance Algorithm 2 using an ODRL model. The Q-function update is obtained as in (11).
Where a defines the learning rate, ¥ defines the discount factor, and RT is reward. The reward factor is
computed as in (12), where fairness penalty avoids starvation. The complete process of optimization of
link-scheduling using ODRL is shown in Algorithm 3.

QGsT,a™) «Q(sT,a") +«a [RT +ymax Qs a’) — Q(sT, aT)], (11)
a
RT = min(UX, QX) — 1 FairnessPenalty (12)

Algorithm 3. Fairness and overhead-aware ODRL-based link scheduling
1 Start

2 Initialize Q-tables, replay memory.

3 For each service request batch:

4 Observe current state s” = [T 56y, Viarioriey, US, QX ]

5: Select action (frequency slot) using e-greedy with adaptive €.
6: Compute reward using (12).

7 Update Q-table using (11).

8 Recalculate contention window A and update overhead D.

9: Continue until convergence of throughput and fairness metrics.

10:  Stop

The key enhancement introduced in TMLOMS is Algorithm 1 (DLRS): added fairness weights to
prevent resource starvation. Algorithm 2 (mutual scheduling): added dynamic overhead monitoring to reduce
collisions. Algorithm 3 (ODRL): added fairness-aware reward shaping and adaptive exploration for better
QoS support. The collective algorithm ensures the model attains improved performance under complex radio
propagation environments such as Highway and Urban environments.

3.7. Unified TMLOMS-ODRL scheduling model and its computaional compleixty

This section presents an unified model by combining Algorithms 1 to 3 into Algorithm 4. The
Algorithm 4 integrating DLRS with an ODRL agent to jointly optimize throughput, fairness, and overhead.
In each scheduling interval, the algorithm selects the best resource for every node based on marginal
throughput gain and applies fairness weighting to prevent starvation. The ODRL agent then refines the
allocation using an e-greedy policy and reward-driven Q-value updates, while adaptively adjusting the
contention window and overhead factor. DLRS requires sorting marginal gains across N nodes, resulting in
O(N log N) complexity, while ODRL action selection is 0(1). Hence, the overall complexity per interval is
O(N log N), which is significantly lower than graph-based scheduling approaches with O(N3) complexity.
The effectiveness of the proposed TMLOMS-ODRL framework is validated through extensive simulation
experiments under realistic urban and highway propagation environments. The following section presents a
detailed performance evaluation in terms of throughput, access reliability, delivery ratio, and delay, and
compares the proposed approach with existing benchmark schemes.
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Algorithm 4. TMLOMS-ODRL scheduling framework
Initialize fairness weights w,. and overhead D
Initialize DRL agent (Q-table)

For each scheduling interval:
For each node x:
Compute best resource }% using (4)
Compute marginal gain 6S, using (5)
Apply fairness weighting (6)
Select node x' with maximum weighted gain
Estimate overhead D(A4) using (10)
Select action using &-greedy policy
Compute reward using (12)
Update Q-values using (11)
Update contention window A and overhead D
End

4. SIMULATION STUDY

This section evaluates the proposed TMLOMS-ODRL framework against state-of-the-art schemes,
specifically the HBF approach [32] optimized with DRL scheduling [31]. The evaluation is carried out using
the NS-3 based SIMITS simulator [33], where both models are implemented under realistic conditions. To
emulate practical mobility, DeepMIMO [13] is adopted, while fading effects [27] are modeled using the SUI
channel derived from the NYUSIM library [34]. The simulation settings follow the parameters reported
in [31], [32], employing QAM-18 modulation at 28 GHz with 100 MHz system bandwidth, a 400 m cell
radius, and a base station transmission power of 46 dBm [23]. Experiments are performed with varying user
densities of 25, 50, 100, and 200 mobile nodes across 20 simulation cycles. Performance is assessed using
throughput, resource access failure, access success, delivery ratio, and latency under both urban and highway
SUI propagation environments, thereby capturing realistic interference and mobility impacts. The detailed
simualtion parameter used to conduct simulation and reproduce the results are provided in Table 2.

Table 2. Simulation settings

Parameter Value
Simulator NS-3-based SIMITS
Carrier frequency 28 GHz
Bandwidth 100 MHz
Cell radius 400 m
Modulation QAM-18
Mobility model DeepMIMO + SUI
Node densities 25,50, 100, and 200
Packet size 1024 bytes
Runs 10
Random seed 1001-1010
Learning rate a 0.01
Discount y 0.95

4.1. Throughput performance

Throughput is measured as the average successfully delivered data rate per unit time under varying
node densities, reflecting the efficiency of resource allocation and link scheduling in HWNs. Mathematically,
it can be represented as (13).

T — Stx (13)

Tsim

Where S, denotes the number of successful transmissions and Ty;,, is the total simulation duration. Figure 2
and Figure 3 present the throughput performance of the proposed TMLOMS scheme compared with the
baseline HBF approach under urban and highway environments, respectively. In the urban scenario as shown
in Figure 2, TMLOMS consistently outperforms HBF across all network densities. For instance, at 25 nodes,
TMLOMS achieves 7.89 Mbps, nearly 61% higher than HBF (4.90 Mbps).

This performance gap remains significant as the network scales, with TMLOMS yielding
19.48 Mbps at 200 nodes compared to HBF’s 15.87 Mbps. Similarly, in the highway scenario as shown in
Figure 3, TMLOMS demonstrates superior throughput under increasing user density. At 100 nodes,
the proposed model records 13.21 Mbps, while HBF achieves 10.83 Mbps. At maximum load (200 nodes),
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TMLOMS maintains a throughput of 19.43 Mbps, surpassing HBF by over 28%. TMLOMS achieves an
average throughput improvement of 27.4% + 2.1% over 10 runs (p < 0.01) compared to HBF. These results
confirm the effectiveness of TMLOMS in mitigating interference and efficiently utilizing spectrum resources
in both urban and highway SUI environments. The throughput enhancement directly stems from the
TMLOMS algorithm’s integration of adaptive link scheduling and overhead minimization with ODRL-based
optimization, as formulated in the mathematical model, enabling efficient spectrum utilization and effective
interference mitigation.

THROUGHPUT VS NODE DENSITY -URBAN MODEL

= 25 ——TMLOMS HBEF
E 20
w
I
=
s B 1
5 -
& 10
§ 1
o 5
g l 1
= 0
25 50 100 200

NUMBER OF MOBILE NODES

Figure 2. User throughput attainable under varied mobile nodes for urban radio propagation model

THROUGHPUT VS NODE DENSITY - HIGHWAY MODEL
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I
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25 50 100 200

NUMBER OF MOBILE NODES

Figure 3. User throughput attainable under varied mobile nodes for highway radio propagation model

4.2. Resource access failure performance

Resource access failure is calculated as the number of unsuccessful transmission attempts resulting
from contention, collision, or insufficient scheduling opportunities, relative to the total access requests
generated by nodes. Mathematically, it can be represented as in (14).

F
Pray = #:q (14)

Where F, denotes the number of failed transmission and N,..q represents the total number for access request.
Figures 4 (Urban) and 5 (Highway) illustrate the comparative failure rates between the proposed TMLOMS
and the existing HBF mechanism.

In the urban scenario, TMLOMS records 6 to 170 failures as the number of nodes increases from 25
to 200, whereas HBF shows higher failures ranging from 15 to 211. Similarly, in the highway environment,
TMLOMS achieves 13 to 178 failures, which is consistently lower than HBF’s 22 to 225. The reduction in
failure rate highlights the effectiveness of TMLOMS in optimizing link scheduling, reducing contention, and
balancing channel load under varying traffic intensities. These outcomes are consistent with the mathematical
model introduced, where TMLOMS ensures minimized access failure probability through adaptive multi-
objective link scheduling and efficient channel utilization.

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4497-4511



Int J Artif Intell ISSN: 2252-8938 a 4505

RESOURCE ACCESS FAILURE VS NODE DENSITY - URBAN
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Figure 4. Resource access failure under varied mobile nodes for urban radio propagation model

RESOURCE ACCESS FAILURE VS NODE DENSITY -HIGHWAY
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Figure 5. Resource access failure under varied mobile nodes for highway radio propagation model

4.3. Resource access success performance

Resource access success is measured as the total number of successful transmissions completed by
nodes without collisions or packet drops, reflecting the efficiency of link scheduling and contention
management. Mathematically, it can be represented as in (15).

S
Poyee = = (15)

NTEq

Where S;, denotes the number of successful transmission and N,.., represents the total number fo access
request. The evaluation of resource access success, illustrated in Figures 6 (Urban) and 7 (Highway),
demonstrates the superiority of the proposed TMLOMS scheme over the existing HBF model. In the urban
environment, TMLOMS achieves consistently higher successful transmissions, increasing from 48 at
25 nodes to 251 at 200 nodes, whereas HBF only scales from 38 to 167. Similarly, in the highway scenario,
TMLOMS rises from 47 to 220 successful transmissions across the same node range, while HBF grows from
35 to 160. This consistent gap highlights the robustness of TMLOMS in handling larger node densities and
dynamic environments. The improvement can be attributed to efficient link management and optimized
scheduling strategies in TMLOMS, which reduce contention and collision rates compared to HBF. Overall,
TMLOMS delivers higher resource access reliability, ensuring better scalability and stability across both
urban and highway conditions.

RESOURCE ACCESS SUCCESS VS NODE DENSITY -

350 URBAN MODEL

300 e TMLOMS HEF -

ACCESS SUCCESS COUNT

25 50 ioo 200
NUMBER OF MOBILE NODES

Figure 6. Resource access success under varied mobile nodes for urban radio propagation model
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RESOURCE ACCESS SUCCESS VS NODE DENSITY -
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Figure 7. Resource access success under varied mobile nodes for highway radio propagation model

4.4. Delivery ratio performance

HWNS. resource-based optimization mechanism. The delivery ratio is measured as the ratio of the
number of successfully received packets to the total number of transmitted packets, representing the
network’s reliability in ensuring end-to-end communication. It is calculated as in (16).

D, = e 100 (16)
Pex
Where P, is the count of packets successfully received, and P, is the total number of packets transmitted.
Figures 8 (urban) and 9 (highway) illustrate the comparative delivery ratio of TMLOMS and HBF. In urban
settings, TMLOMS achieves 70.45%-91.45%, consistently outperforming HBF’s 49.45%—-80.48%.
Similarly, in highway scenarios, TMLOMS maintains higher ratios (68.45%—88.12%) compared to HBF
(47.59%—78.45%). The superior performance of TMLOMS stems from its adaptive link scheduling and
optimized mathematical formulation, which minimize collisions and resource contention. By incorporating
interference-aware scheduling and dynamic mobility adaptation, TMLOMS ensures improved packet

retention across diverse mobility environments, thereby achieving significantly higher delivery reliability
than the HBF scheme.

DELIVERY RATIO VS NODE DENSITY - URBAN MODEL
120
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Figure 8. Delivery ratio under varied mobile nodes for urban radio propagation model
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Figure 9. Delivery ratio under varied mobile nodes for highway radio propagation model
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4.5. Delay performance
Delay is measured as the average time taken for a transmitted packet to successfully reach its
destination, including processing, queuing, and retransmission delays. It is calculated as in (17).

Zli\lz1(f£ecv—tsiend)
N

Delay = an
Where t!,, and ttl,,,; denote the reception and transmission time of the i*" packet, and NNN is the total
number of packets delivered. Figures 10 (urban) and 11 (highway) present the comparative delay analysis
between TMLOMS and HBF. In urban scenarios, TMLOMS maintains lower delays (3.14 ms—15.98 ms)
than HBF (5.98 ms—29.48 ms). Similarly, in highway settings, TMLOMS achieves 4.54 ms—17.01 ms
compared to HBF’s 6.57 ms—31.45 ms. The reduction in delay is attributed to TMLOMS’s optimized
scheduling and backoff-time adjustment, which minimize retransmissions and contention. By aligning with
the proposed mathematical formulation and ODRL-driven scheduling algorithm, TMLOMS effectively
balances resource allocation under dense mobility, thereby ensuring lower latency and faster packet delivery
compared to the conventional HBF approach.

DELAY VS NODE DENSITY - URBAN MODEL

40
35

30 —4—TMLOMS HBF I}
@ 25 1
E 20 T [

8 15 [ 1

10 T

5

0

25 50 100 200

NUMBER OF MOBILE NODES

Figure 10. Delay under varied mobile nodes for urban radio propagation model
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Figure 11. Delay under varied mobile nodes for highway radio propagation model

4.6. Comparative study

The proposed TMLOMS-ODRL is compared against digital twin assisted (DTA)-ODRL [23],
heterogeneous graph neural (HGN)-DRL [31], and HBF [32] as shown in Table 3. While DTA-ODRL
focuses on admission control in sliced networks and HGN-DRL addresses uplink—downlink scheduling in
cell-free MIMO, both approaches lack explicit mechanisms for minimizing overhead under mobility and
dense traffic conditions. Similarly, HBF primarily optimizes beam allocation but struggles with interference
and access failures in dynamic scenarios. By contrast, TMLOMS integrates link scheduling,
backoff-time adaptation, and ODRL-based optimization to balance throughput, delivery ratio, and latency
across varying environments.

Compared with DTA-ODRL, HGN-DRL, and HBF as shown in Table 1, the proposed
TMLOMS-ODRL achieves notable performance improvements in throughput (+ 35%), delay reduction
(+ 40%), and delivery ratio (+ 38%). This is primarily due to its novel link scheduling integrated with
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overhead-minimized ODRL optimization, unlike DTA-ODRL, which focuses only on admission control, or
HGN-DRL, which suffers from high scheduling complexity. Although HBF achieves interference-aware
beam allocation, its gains are limited under mobility and heavy contention. TMLOMS maintains competitive
computational complexity of O(N -log N), significantly lower than HGN-DRL’s O(N?®) and comparable to
HBF, while outperforming both in reliability. The algorithmic novelty lies in adaptive backoff-time
adjustment with DRL-guided decision-making, enabling efficient operation across dynamic highway and
urban propagation scenarios. Thus, TMLOMS represents a scalable and robust advancement for
next-generation HWNSs.

Across all metrics, TMLOMS-ODRL consistently outperforms HBF by leveraging mobility-aware
link scheduling and ODRL-based optimization. The mathematical model ensures efficient trade-offs among
throughput, reliability, and latency, validating the robustness of the proposed algorithm in dynamic wireless
environments. In summary, TMLOMS demonstrates novelty by unifying interference-aware scheduling with
ODRL-driven optimization, outperforming existing schemes in throughput, delivery ratio, and latency under
both urban and highway SUI propagation conditions.

Table 3. Comparative study with different models

Methods Core focus Strength Computational TMLOMS Limitation Percentage
complexity Novelty/advantage enhancement
DTA- Sliced 6G Ensures O(N?) TMLOMS embeds ~ Limited to 18% throughput
ODRL Networks service (per-slice policy ~ overhead admission control  gain, 12% delay
[23] isolation update) minimization in and ignores reduction, and 15%
scheduling and mobility-induced delivery ratio
scales across access overhead improvement
mobility
HGN-DRL Multi- Improves O(N?®) TMLOMS ensures  Limited to cell- 22% throughput
[31] connectivity spectral (graph-based low-latency via free MIMO; gain, 25% delay
scheduling efficiency scheduling) adaptive ODRL higher delay under  reduction, and 20%
dense traffic delivery ratio
improvement
HBF [32] Beam pair Enhances O(N -logN) TMLOMS reduces  Susceptible to 28% throughput
allocation for  link quality ~ (beam search + failures via interference and gain, 20% delay
mmWave allocation) mobility-aware contention reduction, and 20%
scheduling and delivery ratio
improves improvement
robustness under
fading-+contention
TMLOMS Link Maximizes  O(N -logN) Novel integration Requires 35% throughput
-ODRL scheduling+O  throughput, (ODRL + of overhead additional training  gain, 40% delay
[Proposed] DRL reduces adaptive minimization + overhead for reduction, and 38%
optimization delay backoff) unified link ODRL delivery ratio
scheduling with convergence under  improvement
ODRL ensures highly dynamic

balanced gain.

mobility scenarios

4.7. Training cost, energy, fairness, and quality of service study

The proposed ODRL model requires approximately 2.1 x 10° FLOPs per scheduling epoch.
Assuming a base station power budget of 46 dBm, the additional computation overhead accounts for less
than 3% of total energy consumption. A lightweight variant using tabular Q-learning reduces computation by
38% with only 6% throughput degradation. TMLOMS demonstrates significant improvements in both
fairness and QoS compared to the HBF scheme. Over 10 independent simulation runs, TMLOMS achieves
an average throughput gain of 27.4% + 2.1% (p < 0.01), indicating statistically reliable performance
enhancement. As shown in Table 4, the Jain’s Fairness Index increases from 0.78 to 0.91, confirming more
balanced resource allocation among users. Moreover, packet loss is reduced from 19.52% to 8.55%, while the
average delay decreases from 29.48 ms to 15.98 ms. These results highlight TMLOMS’s effectiveness in
simultaneously improving throughput, fairness, and latency under dense urban network conditions.

Table 4. Fairness and QoS metrics (Urban, 200 nodes)

Metric HBF TMLOMS
Jain’s faimess index  0.78 0.91
Packet loss (%) 19.52 8.55
Avg delay (ms) 29.48 15.98
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4.8. Ablation study

The ablation results in Table 5 clearly demonstrate the effectiveness of integrating DLRS and ODRL
within the TMLOMS framework. When applied independently, DLRS improves throughput through greedy
link selection but suffers from higher delay and moderate delivery ratio. Similarly, ODRL alone enhances
adaptive decision-making but lacks explicit link-level optimization. In contrast, the combined DLRS +
ODRL model achieves the highest throughput (13.60 Mbps), the lowest delay (10.45 ms), and the best
delivery ratio (85.54%). These findings confirm that DLRS provides efficient initial resource allocation,
while ODRL refines scheduling decisions under dynamic conditions, leading to superior overall
network performance.

Table 5. Ablation results (urban, 100 nodes)

Method Throughput (Mbps)  Delay (ms)  Delivery ratio (%)
DLRS only 10.92 18.34 74.21
ODRL only 11.88 15.67 78.42
DLRS + ODRL (TMLOMS) 13.60 10.45 85.54

4.9. Sensitivity analysis

Table 6 presents the sensitivity of the proposed TMLOMS-ODRL model to different learning rate
values under the urban scenario with 100 nodes. When a small learning rate (o = 0.001) is used, the model
converges slowly, resulting in moderate throughput (12.10 Mbps) and higher delay (12.98 ms). Conversely, a
large learning rate (o = 0.1) leads to faster but less stable updates, causing performance degradation in both
throughput and delay. The intermediate value a = 0.01 achieves the best balance, yielding the highest
throughput (13.60 Mbps) and the lowest delay (10.45 ms). This confirms that o = 0.01 provides an optimal
trade-off between convergence speed and stability.

Table 6. Sensitivity to learning rate (urban, 100 nodes)
a Throughput (Mbps)  Delay (ms)

0.001 12.10 12.98
0.01 13.60 10.45
0.1 12.45 11.87

5.  CONCLUSION

This work presented TMLOMS-ODRL, a novel throughput maximization and link-overhead
minimization-oriented scheduling framework that leverages ODRL for heterogeneous wireless systems.
Unlike existing solutions such as HBF, DTA-ODRL, and HGN-DRL, the proposed model jointly adapts
backoff-time, resource mapping, and admission decisions to minimize contention while ensuring fairness in
massive user deployments. Simulation results demonstrated significant performance gains compared to HBF.
Specifically, TMLOMS-ODRL achieved a 25%-30% increase in throughput, a 20%-25% reduction in
average delay, and a 20%—28% improvement in resource access success over 10 runs (p < 0.01) compared to
HBF. In addition, the delivery ratio improved by 15%-20%, while access failures were reduced by
20%-35%, validating its robustness in dynamic SUI channel environments, including high-mobility highway
scenarios. While the model effectively improves reliability and scalability, a limitation is the relatively higher
computational overhead associated with DRL convergence. Future research will address this by exploring
lightweight DRL models, hierarchical training, and knowledge distillation. Moreover, integrating
energy-aware optimization, multi-agent collaboration, and cross-layer designs can further enhance efficiency.
Real-world validation using digital twins and testbed implementations will be prioritized to confirm practical
viability, paving the way for deploying TMLOMS-ODRL in 6G-enabled HWNs.
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