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Abstract - This study presents a novel energy-efficient
bandwidth allocation scheme for 5G heterogeneous
networks using a Differential Evolution (DE) algorithm. A
simulated macro-small cell environment was used to
evaluate multivariate performance metrics under Quality
of Service (QoS) constraints. The DE algorithm was
implemented using Python’s SciPy optimization library
and executed across 202 generations. The optimized model
achieved a throughput of 573.6 Mbps and an energy
efficiency of 5.76 Mbits/Joule, with zero QoS violations
and a 124.77% improvement over benchmark methods.
This work demonstrates DE’s suitability for bandwidth
optimization in energy-constrained, high-density 5G
environments.
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I. INTRODUCTION

As 5G networks continue to evolve to support high-speed
internet access, Internet of Things (IoT) applications, and
ultra-reliable low-latency communications (URLLC), the need
for efficient and intelligent bandwidth allocation becomes
increasingly vital. This is especially true in heterogeneous
network architectures that incorporate both macro and small
cell infrastructures. These environments are inherently
complex due to fluctuating user densities, diverse channel
conditions, interference dynamics, and constrained power
budgets—factors that make traditional static or heuristic
allocation approaches inadequate (Rahman et al., 2022; Ali et
al., 2023). Many existing bandwidth optimization strategies
struggle to achieve a balanced trade-off between maximizing
throughput, minimizing energy consumption, and upholding
Quality of Service (QoS) guarantees. These challenges are
particularly acute in dense urban deployments, where spectral
scarcity and real-time traffic variability introduce nonlinear
and multi-dimensional optimization demands. Ghosh et al.
(2023) further emphasized the limited adaptability of
conventional Al-based resource allocation frameworks under
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such complex conditions. In response to these challenges, this
study presents a Differential Evolution (DE)-based multi-
objective optimization model for adaptive 5G bandwidth
allocation. The proposed model is designed to concurrently
optimize throughput and energy efficiency while rigorously
enforcing QoS and interference constraints. Additionally, this
research incorporates the latest developments in DE
algorithms and introduces a refined fitness function capable of
adapting to real-time environmental fluctuations and
constraint dynamics.

Il. LITERATURE REVIEW

Recent advancements in 5G bandwidth optimization have
embraced a wide array of methodologies, including
evolutionary algorithms, deep learning, reinforcement
learning, and hybrid approaches. This section reviews relevant
works, categorizing them by technique and highlighting their
strengths, limitations, and applicability to heterogeneous 5G
networks.

2.1 Evolutionary and Swarm Optimization

Using a Markov Decision Process-based agent and
reinforcement learning, Elsayed et al. (2021) demonstrated
adaptability in networks with moderate loads. However, the
learning rate slowed down considerably under high-load
situations, necessitating retraining in order to stabilize
throughput forecasts. For joint user association and bandwidth
allocation in macro-small cell environments, Park et al. (2022)
used Particle Swarm Optimization (PSO). In low-mobility
circumstances, the model enhanced spectrum use; but, in real-
time traffic conditions, it faced scalability challenges since
particle swarm dimensionality and latency increased. These
restrictions highlight the necessity of optimization techniques
such as Differential Evolution, which provide less parameter
sensitivity and more reliable convergence in high-density 5G
deployments.

A hybrid genetic method was presented by Li et al.
(2022) to enhance slicing and spectrum efficiency in dense 5G
installations by combining crossover and mutation operations.
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The technique distributed the user load among several slices
by using priority-based chromosomal encoding. The approach,
however, showed poor energy performance despite gains in
spectral efficiency, especially in high mobility conditions
when convergence speed decreased. An Ant Colony
Optimization (ACO) framework was also used by Huang et al.
(2023) to dynamically modify resource distribution and
routing in response to pheromone updates. In organized
topologies, the method demonstrated early success; however,
in noisy and fluctuating channel conditions, particularly
during interference peaks, it suffered instability and packet
loss.

2.2 Machine Learning Approaches

The deep Q-network (DQN) established by Wang et al.
(2021) used reinforcement learning to manage network slices
and adaptively distribute bandwidth in response to real-time
traffic demands. Their strategy demonstrated great flexibility,
particularly in situations where consumer demand fluctuated.
Its real-time deployment potential was limited, nonetheless, by
its high training data requirements and lengthy convergence
times. In order to classify modulation schemes and make
decisions, Zhang et al. (2022) combined convolutional neural
networks (CNNs) with Q-learning. Their hybrid model
performed better at detecting the best modulation kinds, but it
had trouble generalizing, especially when subjected to traffic
patterns that weren't present during training. These drawbacks
highlight the necessity of models like Differential Evolution,
which perform well even in the absence of large training
datasets and are more adaptive in unknown situations.

For bandwidth forecasting, Chen et al. (2023) used an
LSTM-based prediction model, utilizing sequential temporal
patterns in network load to improve accuracy in dynamic
contexts. Proactive bandwidth planning is appropriate for their
model since it successfully identified long-term dependencies
and generated precise forecasts for impending traffic peaks.
Due to the deep layer processing and memory needs, the
design had a high inference time, which limited its usefulness
in situations requiring real-time or latency-sensitive responses.
A federated learning strategy was put up by Liu et al. (2024)
to distribute slices among several edge nodes while protecting
user privacy. An important benefit for security and compliance
is that their technique allowed for cooperative training across
dispersed base stations without exchanging raw data. But
because of the synchronization delays and sporadic model
divergence brought about by non-1ID data distributions, it
became difficult to maintain consistent real-time performance
in dynamic network environments.
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2.3 Hybrid and Multi-Objective Models

For resource scheduling in ultra-dense networks, Zhou et
al. (2023) used a fuzzy logic-based evolutionary algorithm.
Fuzzy rules were used to dynamically modify bandwidth
priorities according to traffic type and delay sensitivity. This
approach worked effectively for load balancing and improved
user fairness. However, it showed inadequate adaptation to
shifting network demands, as seen by its moderate and uneven
energy savings across different density situations. A hybrid
strategy that combines particle swarm optimization and
reinforcement learning was presented by Ali et al. (2023) to
maximize scheduling and spectrum access in multi-slice 5G
networks. PSO dynamically optimized allocation depending
on swarm activity, while the reinforcement learning
component handled traffic priority. Although there were gains
in spectrum utilization and a decrease in packet loss, the
model's performance was unstable during abrupt spikes in
traffic and mostly relied on optimizing environment-specific
factors. Furthermore, when the number of active users
expanded, its complexity increased significantly, which raised
questions regarding scalability in real-time contexts.

A hybrid approach of DE-ML was proposed by Tan and
Yu (2024) for real-time network adaption in heterogeneous 5G
situations. They combined lightweight machine learning
model’s pattern detection skills with Differential Evolution's
exploration power. The approach demonstrated a 35%
increase in throughput and energy efficiency over traditional
rule-based techniques when tested using simulation-based
mobility traces. Unfortunately, the hybrid model necessitated
frequent retraining of the ML component and fine-tuning of
several DE control parameters, which imposed operational
overhead and potential latency during inference, particularly
under rapidly changing traffic loads.

2.4 QoS-Driven Optimization

In 5G heterogeneous environments, Rahman et al. (2022)
presented a utility-aware resource scheduler that dynamically
modified resource allocation according to the priority of
service classes, including eMBB, URLLC, and mMTC. In
order to guarantee that higher priority traffic received more
bandwidth, their approach allocated weights to service
categories. The scheduler's reactivity was restricted in high-
mobility situations and handovers due to its absence of real-
time mobility monitoring techniques, notwithstanding its
effectiveness in controlled circumstances. A heuristic QoS-
aware allocator was put into practice by Farooq and Ibrahim
(2023) in order to satisfy service-level agreements for a
variety of vertical applications in 5G. Their technique used
priority queues and historical usage patterns to modify
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bandwidth and delay buffers. However, the system's high
computing complexity rendered it less feasible for ultra-dense
installations where quick judgments in real time are needed,
and its reliance on heuristic thresholds resulted in less-than-
ideal decisions under bursty and dense traffic loads.

Using simulated annealing and tabu search, Singh et al.
(2024) assessed metaheuristic schedulers for delay-sensitive
applications like real-time gaming and video conferencing in
heterogeneous 5G environments. While the schedulers did
fairly well under moderate user density, their generalizability
was limited beyond enhanced Mobile Broadband (eMBB) use
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cases, and the algorithms were not adaptable to ultra-reliable
low-latency communication (URLLC) scenarios and did not
scale effectively with increasing user heterogeneity and
mobility.

2.5 Comparative Gaps and Opportunities

Table I summarizes key methods, highlighting DE’s
potential for balancing throughput, energy efficiency, and
constraint handling. Few works optimize both objectives
simultaneously, and DE’s simplicity and robustness are
underutilized.

Table I: Comparative Analysis of Bandwidth Optimization Methods

Throughput |{| Energy Efficiency N
Methodology Works (Mbps) (Mbits/Joule) Strengths Limitations
Reinforcement || Elsayed et al. (2021), . High training data,
Learning Wang et al. (2021) 200-450 23 Adaptive convergence delay
. Park et al. (2022), Heuristic Poor scalability, energy
Swarm Algorithms Zhou et al. (2023) 300-500 =2 optimization neglect
Hybrid RL+Swarm||  Ali et al. (2023) 400-600 2-4 Spectrum utilization Unstable in SUFGes, high
complexity
. . Retraining overhead,
DE+ML Hybrid Tan and Yu (2024) 500-700 4-5 Throughput gains latency
Federated Learning|| Liu et al. (2024) Not Reported Not Reported Privacy Synchronization delays
Utility Schedulers || Rahman et al. (2022) 100-300 1-2 Simple Unrespo_n §|ve o
mobility
Heuristic Farooq and Ibrahim . - .
Allocators (2023) 200-400 2-3 SLA compliance Fails in bursty traffic
Metaheuristic || .1 et al. (2024) || 300-500 13 Delay-sensitive || -mited for URLLC,
Schedulers scalability issues
LSTM Prediction Chen et al. (2023) Not Reported Not Reported Temporal accuracy High inference time
. Modulation N
CNN+Q-Learning || Zhang et al. (2022) || Not Reported Not Reported accuracy Poor generalization
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1. METHODOLOGY
3.1 Network Model

The simulated environment consists of heterogeneous 5G
cells, including macro and small cell deployments in high-
density urban areas. Each user experiences dynamic channel
conditions and competes for limited bandwidth resources.
Bandwidth allocation decisions are modeled based on channel
gain, user mobility, QoS demand, and power budgets.

3.2 Differential Evolution Algorithm

The DE algorithm solves the optimization problem by
evolving a population of candidate solutions. The DE
workflow includes:

= Initialization: Randomly generate NP = 100 individuals.

= Mutation: For each target vector X;, a donor vector V; is
computed as:

Vig = %16 tF. (K26 — X36) 1

Where F = 0.7 is the mutation factor and rl, r2, r3 are
distinct indices.

= Crossover: A trial vector U; is generated by:

S {vij,(;, if rand; < CR
U6~ \x; 6, otherwise

Where CR = 0.9 is the crossover rate.

= Selection: If the trial vector U; yields better fitness, it
replaces X; in the next generation.
= Termination: Stop if stagnation (20 generations) or
fitness change < 0.0001.
3.3 Optimization Objectives and Constraints

The optimization problem is defined as follows:

Objective Function:
Maximun f(X) = aT(X) + BEE(X) 3

Where: T(X) is throughput (Mbps)
T = Zle Bklogz (1 +

Pklhklz
K
221 Prclhkl?+ NoBy

EE(X) = %is energy efficiency (Mbps/Watt)
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EE = r

- K
Zk:l P+ Peipcuit

(a,B ) are weight coefficients

Py lhy |?

> RpniVk 6
Pklhk|2+NOBk) mink

Blog, <1 + ZK

j#1
3.4 Implementation Details

= Programming Language: Python 3.11
= Library: SciPy’s differential evolution

= Hardware: Intel Xeon, 32GB RAM, NVIDIA RTX 3080
GPU.

= Dataset: Simulated 5G heterogeneous network data
= Iterations: 202

3.5 Evaluation Metrics

Evaluation metrics outlines the key performance
indicators used to assess the effectiveness of the proposed
Differential Evolution (DE)-based bandwidth allocation
model. These metrics are critical for quantifying the benefits
of the optimization in the context of real-world 5G
requirements:

= Throughput (Mbps): Measures the total amount of
successfully transmitted data over the network per
second. It reflects the model's efficiency in utilizing
available bandwidth and supporting user demands.

= Energy Efficiency (Mbits/Joule): Calculates the
number of megabits transmitted per unit of energy
consumed. This is especially important in 5G where
energy constraints affect infrastructure and sustainability
goals.

= Spectral Efficiency (bits/s/Hz): Indicates how
efficiently the frequency spectrum is utilized. Higher
spectral efficiency suggests more data can be transmitted
in limited bandwidth, a vital consideration in high-
density urban networks.

= QoS Violation Rate (%): Represents the percentage of
users whose minimum Quality of Service (e.g., latency,
bandwidth) was not met. A 0% violation indicates a
highly reliable system.

IV. RESULTS
4.1 Performance Outcomes

The optimization process was successfully completed,
with the algorithm terminating after convergence. The
optimization required 202 iterations and a total of 167,507
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function evaluations, demonstrating a comprehensive search
of the solution space. The optimization led to an average
optimized user rate of 0.35, which represents a substantial
improvement over the original average download rate of 0.17.
This corresponds to a total improvement of 124.77%, clearly
indicating that the optimization strategy significantly
enhanced the throughput experienced by users in the network.

Further analysis of the throughput data shows that the
original rates had a minimum of 0.05, a maximum of 0.50, and
a median of 0.18. After optimization, these values improved to
a minimum of 0.10, a maximum of 0.60, and a median of 0.36,
suggesting that users across the network benefited from
enhanced performance. The increase in both the minimum and
maximum values demonstrates that the optimization has
effectively raised the baseline experience for all users,
ensuring a more consistent and higher-quality user experience.
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101 0.8647
121 0.9093
141 0.9391
161 0.9592
181 0.9726
202 0.9823

Table 3: Performance Metrics

Table 2: Fitness Values across Generations

Metrics Results
Average throughput(mbps) 573.6
Energy Efficiency(mbps/J) 5.76
Spectral Efficiency(bps/Hz) 215
QoS Violation 0

4.2 Comparative Improvements

Generation Fitness Value
1 0.0198 This comparative analysis provides strong evidence of
: the superior performance of the proposed system relative to
21 0.3329 established methods in existing literature. Table 4 presents a
41 0.5518 quantitative summary of this comparison, while Figure 1
visually illustrates the differences in energy efficiency,
61 0.6992 .
spectral efficiency, and total throughput among the evaluated
81 0.7981 approaches.
Table 4: Comparison with Prior Works
Energy Efficiency Spectral Efficiency
Author (Year) Model Throughput (Mbps) (Mbits/Joule) (bits/s/Hz)
Multi-obiecti
Zhang et al. [1] ulti-objective 100-150 25 Not Reported
optimization
Liu et al. [22] Joint optimization Not Reported 35 12
Wang et al. [11] QoS-aware slicing 450 Not Reported Not Reported
Kim et al. [23] ML-based allocation Not Reported 6 14
Singh et al. [24] Traffic analysis 500 Varied 18
Wu et al. [25] QoS-aware OFDMA Not Reported 2-4 6-9
Proposed Work || DE-based optimization 573.6 5.76 215
© 2025 ICJES All Rights Reserved WWWw.icjes.com
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4.3 Visualization
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The data clearly demonstrates that Paragon 2024
(proposed method) outperforms all prior models in all three

critical metrics: Energy Efficiency,

Spectral Efficiency, and

Total Throughput. This strongly validates your system’s

Pareto Front: Throughput vs Energy Efficiency
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effectiveness compared to literature benchmarks.
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Figure 1: Bar chart comparing throughput (Mbps), energy efficiency
(Mbits/Joule), and spectral efficiency (bits/s/Hz) with benchmarks
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Pareto Front: The Pareto Front graph in Figure 2
highlights the trade-off between throughput and energy
efficiency in network optimization. As throughput
increases, energy efficiency decreases, illustrating that
enhancing one often compromises the other. This
relationship is crucial for balancing performance and
power consumption in 5G systems, guiding network
operators to choose configurations based on specific
service needs.

Energy Efficiency (Mbits/])
w
=
2

250

2.25

2.00

500 550 575 600
Throughput (Mbps)

425 450 475 525

Figure 2: Pareto front showing throughput vs. energy efficiency trade-off

Sensitivity Analysis: The graph likely shows a peak at
F=0.7, confirming the chosen parameter’s effectiveness,
with declines at F=0.5 (under-exploration) and F=0.9
(over-exploration).

Sensitivity Analysis: Throughput vs, Mutation Factor (F)
0.35

Average Throughput (Mbps)
2 S o o o
2 = 5 o e

=
@

0.28

0.5 0.7 0.9
Mutation Factor (F)

Figure 3: Sensitivity analysis of throughput vs. mutation factor (F = 0.5,

0.7,0.9)

4.3 Robustness Analysis

The model maintains performance across user densities
(500-2000) and SNR (-10 to 20 dB). Table 5 shows stable

throu

ghput and energy efficiency.

Table 5: Robustness Metrics

condion | Tt | Eney ey
| 500 Users | 560.2 | 5.80 |
| 2000uUsers | 5801 | 5.70 \
| SNR-10dB | 550.8 | 5.65 |
| SNR20dB | 575.4 | 5.78 |
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V. DISCUSSION

5.1 Practical Implications

The DE-based model demonstrates strong potential for
real-world 5G network deployment, especially in scenarios
requiring fine-grained control over energy usage and
throughput performance. A crucial aspect of this optimization
is that it adhered to the imposed constraints. The results
confirm that there were no violations of the Quality of Service
(QoS) constraints or the maximum rate constraints, meaning
that the enhanced throughput was achieved without
compromising the service quality or exceeding the maximum
allowable rates. This balance between improving throughput
and maintaining service quality makes the optimization
suitable for real-world deployment in 5G heterogeneous
networks.

5.2 Limitations

= Computational Overhead: While DE converges
reliably, the population-based approach can be
computationally expensive in large-scale deployments.

= Data Dependency: The use of simulated data limits
external validity; real-world variability (e.g., weather,
hardware imperfections) is not captured.

5.3 Future Directions

= Real-world Testing: Apply the model to live 5G base
station data.

= Hybrid DE-ML Models: Integrate DE with neural
networks or reinforcement learning for adaptive
optimization.

= Dynamic Constraints: Develop a real-time feedback
system to adjust constraints based on environmental or
traffic changes.

VI. CONCLUSION

The proposed DE model achieves significant
improvements in optimizing bandwidth allocation within 5G
environments. By delivering a throughput of 573.6 Mbps and
energy efficiency of 5.76 Mbits/Joule, the DE model not only
meets but exceeds the performance of existing benchmark
methods. Its ability to achieve zero QoS violations further
reinforces its reliability. These results validate the DE
algorithm's suitability for managing the multi-objective
demands of dense, heterogeneous 5G networks, confirming its
potential for practical deployment in real-world infrastructure.
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