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Abstract

In the evolving landscape of next-generation wireless networks, ensuring seamless mo-
bility and high-quality service delivery for millions of devices and end users in dynamic
scenarios, where the speed of a wireless device keeps changing with time, is important. The
mobility, seamless and continuous connectivity, and ultra-dense deployment of wireless
networks pose a significant challenge. Seamless and successful transition of a wireless
device from point A to point B in variable-speed scenarios is one of the major challenges
in future networks. This paper presents a novel Deep Q-Network (DQN)-based reinforce-
ment learning (RL) framework integrated with Software-Defined Networking (SDN) for
intelligent mobility management in hybrid 5G cellular networks consisting of macro and
small base stations. The proposed system architecture utilizes a SDN controller to receive
real-time user measurement reports, including Reference Signal Received Power (RSRP),
Signal-to-Interference Noise Ratio (SINR), and user velocity, thereby classifying user mo-
bility into distinct subclasses and dynamically determining optimal handover parameters.
Leveraging the DQN’s capability to learn adaptive strategies, the model enables seamless
transitions between macro and small cells based on mobility profiles, thereby enhancing
Quality of Service (QoS) metrics such as latency, throughput, and handover efficiency.
Simulation results demonstrate consistent performance improvements over baseline and
existing models in ultra-dense network environments, with handover success rates 10–15%
higher across SINR and different speed scenarios, while maintaining a packet failure rate
of 9% across different speed scenarios, allowing more users to transition during various
environmental changes seamlessly.Our proposed model is compared with our previous
work and Learning-based Intelligent Mobility Management (LIM2) models. Specifically,
our previous work focused on adaptive handover management primarily for high-speed
train scenarios using a learning-assisted approach tailored to fixed high-mobility scenar-
ios, with a limitation to single mobility conditions. This work contributes to the field of
merging SDN’s centralized control with the predictive power of RL, paving the way for
more resilient and responsive mobile networks in high-mobility scenarios. The proposed
approach incorporates subclass-based mobility action abstraction, joint optimization of TTT
and hysteresis margin, and dynamic target cell selection using global network information
available at the SDN controller.

Keywords: Next Generation Networks (Nex-Gen); handover; hybrid mobility; high mobility;
Software-Defined Networks (SDN); machine learning (ML); seamless mobility
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1. Introduction
The rapid expansion of mobile broadband services, intelligent connected devices,

and the Internet of Things (IoT) ecosystem has dramatically increased global mobile data
traffic. By 2029, global usage is expected to more than triple, driven by data-intensive
applications such as high-definition video, cloud services, and immersive communication
technologies, including Virtual and Augmented reality (AR/VR) [1]. The deployment of
5G networks has further intensified these demands by supporting applications that require
stringent Quality of Service (QoS) and ultra-low latency, necessitating more efficient and
scalable mobility management frameworks [2].

To meet these growing performance requirements, network densification via Ultra-
Dense Small Cell (UDSC) Heterogeneous Networks (HetNets) has emerged as a key ar-
chitectural strategy. By combining macro base stations operating in 6-GHz bands with
dense deployments of small cells using mmWave frequencies, operators can simultaneously
address coverage and capacity challenges [2]. However, this hybrid architecture introduces
significant complexity in mobility management. The shorter propagation range and high
sensitivity of mmWave signals lead to frequent handovers (HOs), while user mobility
patterns, often spanning low-speed pedestrian movement to high-speed vehicular and
train scenarios, further increase the risk of unstable connections, unnecessary handovers
(UHOs), and Radio Link Failure (RLF) [3].

Effective handover performance relies heavily on optimizing Handover Control Pa-
rameters (HCPs), particularly the Time-to-Trigger (TTT) and Hysteresis Margin (HM). Static
or heuristically configured HCPs are unable to adapt rapidly varying network conditions
such as interference, fluctuating SINR, cell load imbalance, or changes in user velocity.
As modern applications demand uninterrupted service, data-driven and adaptive HO
optimization mechanisms have attracted substantial interest. Recent research [4] explores
Machine Learning (ML)-based HO optimization due to its potential to reduce RLFs and
improve mobility robustness. However, many ML frameworks rely on extensive offline
data, and many struggle to generalize under dynamic mobility conditions.

These challenges are magnified in vehicular and transportation environments, where
applications such as real-time navigation, road-safety alerts, multimedia streaming, and re-
mote diagnostics require reliable, low-latency connectivity. As the number of vehicles
continues to rise, user expectations for stable mobile service increase correspondingly [5].
Despite advancements in cellular technologies, maintaining seamless mobility for high-
speed and variable-speed users remains a pressing challenge. Software-Defined Networks
(SDNs) offer a promising avenue to address this limitation. By separating the control and
data planes, SDN enables centralized decision-making, global visibility, and improved
coordination among heterogeneous base stations, thereby enhancing mobility management,
load balancing, and network automation [6].

Building on our previous work in [7], which demonstrated the benefits of adaptive
mobility management for high-speed train scenarios, the previous model did not gener-
alize across variable-speed mobility conditions. In this paper, we extend that framework
by proposing a SDN controller-assisted mobility management system integrated with a
Deep Q-Network (DQN) reinforcement learning algorithm. The hybrid network envi-
ronment, comprising macro cells for wide-area coverage and mmWave for small cells for
high-capacity services, enables the controller to select the optimal target cell based on user
speed, radio conditions, and service requirements. The SDN controller maintains a global
network view, whereas the DQN optimally selects the combination of TTT and HM values
to minimize UHOs and RLFs. Both parameters are applied using the A5 handover trigger-
ing event, ensuring timely and robust HO decisions under diverse mobility patterns. It is
also important to clarify that the proposed framework does not aim to redefine the cellular
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mobility architecture; instead, it focuses on optimizing handover parameter selection using
reinforcement learning under variable mobility conditions. The novelty lies in structuring
the learning action space using subclasses that align with the handover control parameters
guiding a UE to be handed over to the target cell. This structured design improves learning
stability and policy interpretability compared to flat action representation. Traditional
reinforcement learning formulations treat handover parameters as independent or flat
actions, which increases the action dimensionality and slows convergence. In contrast, our
subclass-based abstraction groups mobility-aware parameter combinations into discrete
policy classes. This reduces exploration noise [8,9], enforcing 3GPP-consistent parameter
relationships [10], and stabilizes learning under fast varying channel conditions [11,12].
Empirically, without a subclass structure, it may lead to a ping-pong effect, thereby degrad-
ing overall QoS. This model helps in improving convergence stability and sample efficiency
while preserving the interpretability of learned decisions.

The following are the main contributions of this paper:

• We propose a handover mechanism for trains in high- and low-mobility scenarios,
by using mmWave and sub-6 GHz bands for small and macro base stations, respec-
tively, in 5G.

• We deploy an SDN controller-based 5G hybrid cellular network with small and macro
base stations operating in mmWave frequency bands for optimal target Next Genera-
tion Node B (gNB) selection.

• We use a Deep Q-Network RL algorithm to select the best available target cell by
introducing subclasses as actions in response to the current state and by choosing the
optimal values of the TTT and hysteresis margin (HM).

• We develop an adaptive handover management algorithm to comprehensively eval-
uate the model’s performance, focusing on key metrics including handover success
rate, packet success rate, latency, and user throughput.

• Finally, we present an analysis and compare the simulation results with those from
our previous work, and from the LIM2, DDQL, and PPO algorithms.

The rest of the paper is organized as follows: Section 2 provides a literature review of
recent work on SDN- and machine-learning-based handovers. Section 3 and 4 presents a
system model for the hybrid 5G cellular network for improved QoS and solution approach.
Simulation results, challenges, and future directions are discussed in Sections 5 and 6.

2. Related Work
The increasing density of cellular deployments, the diversity of mobility patterns,

and the stringent QoS requirements of emerging applications have motivated extensive
research into intelligent mobility management for 5G and next-generation networks. Tra-
ditional handover schemes, although effective in earlier cellular generations, struggle to
adapt to rapidly changing radio conditions, especially in ultra-dense heterogeneous net-
works and different mobility environments. Consequently, recent work has focused on
SDN-assisted mobility frameworks and machine-learning-driven handover optimization,
because it provides a logically centralized and programmable control plane that traditional
distributed 3GPP architectures lack [13]. Secondly, this global, cross-layer visibility enables
coherent, network-wide mobility decisions instead of local, signal-strength-only triggering
at individual cells [14]. This section reviews key advancements that support the integration
of the SDN-DQN model proposed in this research study.

Early efforts to integrate reinforcement learning into HO optimization include a deep
deterministic policy gradient (DDPG)-based adaptive handover method presented in [6],
where vehicles travel at 10–60 km/h based on RSRP/SINR measurements. While this
model improves the handover success rate (HOSR), it optimizes only the hysteresis margin
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(HM) and does not incorporate TTT, limiting scalability and robustness in more dynamic
5G environments. Our previous work in [7] addressed high-speed train scenarios with an
E-SARSA-based adaptive HO mechanism. However, the design remains tailored to fixed
high-mobility conditions and does not generalize to variable-speed environments.

More complex policy-learning techniques have also been explored in [4]. The PPO-
based handover controller performs HO and target-cell decisions directly at the base
station through an A3-triggered HO mechanism. Although the method supports mobility
of up to 90 km/h, it exhibits frequent HOs and high deployment complexity due to its
distributed learning architecture. Similarly, the hybrid SDN-ML architecture surveyed
in [15] incorporates network slicing for high-speed trains and uses an A3-based hysteresis
margin and TTT prediction. However, it relies solely on RSRP-based decision-making and
incurs high signaling overhead due to SDN’s centralized control.

Comprehensive surveys, such as [16], highlight the growing use of Q-learning and
deep RL approaches for HO optimization, emphasizing the role of parameters such as
TTT and HM under A3-triggering event conditions. These studies primarily focus on
mitigating ping-pong effects and reducing RLFs; however, they also note that most existing
work remains simulation-driven and has limited real-world validation. Further studies
in [17,18] argue for context-aware, multi-objective HO schemes that incorporate load, QoS,
and sustainability constraints beyond conventional A3-based mechanisms. Although SDN
can coordinate these multi-parameter decisions, challenges remain with controller overhead,
robustness, and scalability in ultra-dense deployments.

SDN-based mobility management continues to gain interest due to its global network
visibility and centralized HO decision-making. The SDN-enabled HetNet architecture pro-
posed in [13] formulates the HO decision as a linear optimization problem that integrates
macro, micro, and femto cells. Despite its multi-criteria decision-making capability, the ap-
proach struggles to accurately estimate dwell time and remains unstable under rapidly
changing network conditions. Additional SDN-IoT mobility frameworks, such as [19],
demonstrate benefits in traffic management and flow-rule optimization but highlight per-
sistent issues related to signaling overhead, interoperability, and lack of standardization.

Machine-learning-driven prediction models have also been explored to enhance mobil-
ity robustness. The slice-aware LSTM predictor in [20] forecasts per-slice resource demand
and assists mobility along a predicted trajectory. However, inaccuracies in traffic prediction
can lead to misallocation and do not directly trigger radio-layer HO events. Similarly,
the Kalman filter-Q-learning combination in [21] relies on offset-based A3 HO triggering
and performs well only in high-mobility environments, while suffering from inaccuracies
in neighbor-cell prediction and increased ping-pong rates. Work such as [22] introduces
semi-Markov and supervised ML approaches for active HO preparation using A2/A3
events. Still, these frameworks rely heavily on accurate predictions and incur additional
control-plane overhead, particularly in mmWave deployments.

More recent DL-based approaches investigate fairness and proactive connectivity.
The model in [23] uses deep learning to optimize both throughput and fairness by dy-
namically tuning TTT/HM under A3-triggered events; however, the centralized controller
increases signaling overhead and suffers from high training complexity and limited gen-
eralization. A DQN-assisted pre-connect mechanism proposed in [24] used a four-layer
DNN, an experience relay, and an ϵ-greedy policy to maximize proactive HO success for
mobility up to 500 km/h. While effective for specific scenarios, it lacks robustness and
scalability across diverse mobility conditions.

SDN-driven mobility management for high-speed trains has also been extensively stud-
ied. The approach in [25] employs Kalman-filter-based trajectory estimation to pre-install
flows in the next predicted gNB. Although it reduces service disruptions, it relies heavily on
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accurate telemetry and is limited by single-controller dependency and assumptions specific
to certain topologies. A distributed mobility management (DMM) approach is described
in [26], in which SDN dynamically selects access routers to achieve load balancing, whereas
a SDN-based dynamic scheme in [25] leverages speed, location, and trajectory information
for seamless HO. These solutions mitigate scalability and tunnel overhead issues but rely
predominantly on RSS-based triggers, leading to frequent HOs in dense deployments.

Deep learning methods for HO preparation in [27] predict link blockage to maintain
reliable connectivity, yet they do not address multi-metric HO criteria or variable-speed
scenarios. Overall, the existing literature demonstrates significant progress toward intelli-
gent mobility management but also reveals persistent challenges in robustness, scalability,
multi-objective optimization, and performance under heterogeneous mobility speeds.

Table 1 summarizes the related work detailed above. Given these limitations, it is
evident that a unified mobility management framework capable of handling degradations
across high-, moderate-, and low mobility scenarios remains lacking. This motivates the
SDN-assisted, DQN-driven hybrid mobility model proposed in the next section, which
integrates macro and mmWave small cells to enhance adaptability and HO robustness.

Table 1. Related work on handover optimization techniques in Nex-Gen wireless networks.

Ref. Year Event A5 Use of SDN ML Algorithms Remarks

[3] 2025 ✗ ✗ MLP

This research uses the A3 handover triggering event. It has implementation
complexity because it does not use real-time data, is data-dependent,
and introduces high RLF. It considers different mobility scenarios, but the
deployment scenario is limited to 7 base stations.

[6] 2025 ✗ ✗ DDPG

It does not consider the multi-frequency connectivity, only considers the A3
triggering event, is limited to only slow mobility up to 60 km/h with deployment
scenarios of up to a few base stations, and does not consider the densification of
network deployment. It also has a high computational cost.

[7] 2025 ✓ ✗
U.K.F and
E-SARSA

It is only usable in high mobility scenarios with a speed above 150 km/h. It
considers only a single frequency range and does not account for low- and
moderate-speed vehicles. It can only be used in high-speed train scenarios.

[4] 2025 ✓ ✗ PPO
It uses the A3 triggering event and has an adaptability issue, is not robust to
optimize handover parameters based on environmental changes, and is
data-dependent, results in frequent HOs, and has high deployment complexity.

[15] 2025 ✗ ✓ ✗

Has high complexity by using network slicing with SDN. It relies on the A3
handover event and entails a processing delay risk. It does not explicitly consider
optimization; instead, it focuses on network architecture. It relies on accurate
prediction and incurs a high cost in real-time deployment.

[16] 2025 ✗ ✗ RL

It is a survey paper that discusses the use of the A3 triggering event. It also
mentions different machine learning algorithms in general. It considers only high
mobility scenarios. It emphasizes hybrid scenarios, prediction scenarios, and user
profiling.

[17] 2025 ✓ ✓ PPO

This is a survey paper that mentions the measurement-based handover
optimization using RSRP/RSRQ/SINR based on an A3 triggering event and
load-based handover. It also discusses multiple machine learning algorithms,
such as PPO, and the general application of SDN and NFV algorithms to
handover in both low- and high- mobility scenarios.

[18] 2025 ✗ ✓ ✗

This research does not specify the triggering event. It also relies on the control
layer for handover rather than optimizing the HOSR problem. It is only applicable
to slow-speed UEs and entails high computational overhead. It also has signaling
overhead, and is controller-dependent without evaluating the fail-over scenario.

[13] 2024 ✗ ✓ ✗

This research considers slow mobility with load balance. It exhibits slightly
elevated latency, lacks predictive learning, and limits test scenarios, primarly
using indoor femto cells. It does not align with using any specific triggering
event-based baseline KPI tuning.

[19] 2024 ✗ ✓ ✗
This limits the study to the architecture of SDN deployment and its performance
specifically for the use in IoT network architecture and does not discuss handover
optimization.

[20] 2024 ✗ ✗ LSTM (RNN)
A network slice technique is used for handover between slices rather than the
traditional process. The model is also insufficiently robust for high-mobility
scenarios.

[21] 2023 ✗ ✗ K.F and SARSA

This paper uses A3 event triggering based on a prediction and estimation
algorithm. It considers only a single frequency and does not account for dense
multi-frequency band deployments. The algorithms used are not effective at
predicting accuracy or at learning from environmental changes.

https://doi.org/10.3390/telecom7030049

https://doi.org/10.3390/telecom7030049


Telecom 2026, 7, 49 6 of 21

Table 1. Cont.

Ref. Year Event A5 Use of SDN ML Algorithms Remarks

[22] 2023 ✓ ✓ ✗
This paper surveyed the different aspects of handover management and
integration with the machine learning algorithms. It also discusses A3/A5 and
compares them with the A2 handover triggering event.

[23] 2023 ✗ ✗
C-DQN and
MA-DQN

Designed for low-mobility users and lower frequency bands. Additionally, there
is no proper mapping of handover parameters in the research.

[24] 2023 ✗ ✗ DQN Does not specify 3GPP handover baseline KPI; instead, works on RSRQ-based
handover only. Dependent on the available data only.

[25] 2023 ✗ ✓ ✗

There is no prediction or machine learning adaptiveness in the model. It is
intended only for high-speed trains and is also characterized by a high-noise
environment. The simulation environment is limited to 5 base stations and a 1 km
route.

[26] 2022 ✗ ✓ ✗

The paper does not report any event-based handovers, and does not analyze the
results in real time with respect to network QoS. It does not explicitly mention the
mobility scenarios. It has high computational complexity as it uses an anchor
point as a facility location.

This
paper 2025 ✓ ✓ ✓

More accuracy in predicting the best target cell based on subclasses in variable
speed scenarios.

DDPG: Deep Deterministic Policy Gradient; PPO: Proximal Policy Optimization; HOs: Handovers; MLP:
Multi-Layer Perceptron; RLF: Radio Link Failure; RL: Reinforcement Learning; K.F: Kalman Filter; U.K.F: Un-
scented Kalman Filter; C-DQN: Centralized Deep Q-Networks; MA-DQN: Multi-Agent Deep Q-Networks;
E-SARSA: Expected SARSA; LSTM: Long Short-Term Memory; RNN: Recurrent Neural Network; and C-DQN:
Convergent-DQN.

2.1. Handover Process

In cellular networks, handover enables connected-mode mobility by transferring an
active user equipment (UE) from a serving cell to a target cell without interrupting an
ongoing session. This procedure ensures continuity as the UE moves, radio conditions
fluctuate, or network-level constraints such as load balancing or slice-specific QoS require-
ments necessitate a change in serving cell. In 5G New Radio (NR), handover procedures are
standardized by 3GPP [28] and executed through Next-Generation (NG)-based signaling.
The UE contributes by providing periodic or event-triggered measurements, including
Reference Signal Received Power (RSRP), Signal-to-Interference and Noise Ratio (SINR),
and Channel State Information (CSI). However, the decision to initiate HO and the selection
of the target cell remain network-controlled functions.

Multiple handover types are supported in NR. Intra-gNB handovers occur within a
single Central Unit/Distributed Unit (CU/DU) architecture, while Xn-based inter-gNB
handover facilitates mobility between neighboring gNBs. NG-based handovers involve the
Access and Mobility Management Function (AMF) and typically trigger a core path up-
date [29]. Inter-Radio Access technology (inter-RAT) handovers, e.g., NR–LTE, and vertical
handover across access technologies ensure service continuity across heterogeneous radio
environments. These mechanisms are vital in challenging scenarios such as high-mobility
vehicular routes, high-speed rail (HSR) systems, and mmWave deployments where link
blockages and beam transitions occur frequently.

2.1.1. Measurement Configuration and Reporting

The source gNB configures the UE’s measurements, including the events to monitor
and the conditions under which reports must be generated. Commonly used NR mobility
events include A3, triggered when a neighboring cell becomes better than the serving cell by
a predefined margin, and A5, triggered when the serving cell falls below a threshold while
a neighboring cell exceeds that threshold, and many others, depending on the operator’s
use of which event in their network [29]. Additionally, it uses Time-to-Trigger (TTT) and
Handover Margin (HOM) or Cell Individual Offsets (CIO) to filter out short-term signal
fades, which are particularly critical in the millimeter-wave (mmWave) and terahertz (THz)
frequency bands [10].
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2.1.2. Decision and Preparation

Upon receiving the measurement reports, the source gNB evaluates the candidate
cells’ performance objectives and policy constraints, including QoS requirements, network
slicing rules, backhaul conditions, load status, and UE mobility state. After selecting a
target cell, it initiates preparation procedures, exchanging UE context information including
security credentials, data radio bearer (DRB) configurations, and QoS flow mapping with
the target gNB [30]. In the case of conditional HO (CHO), the source prepares multiple HO
commands, each associated with a predefined radio condition, enabling the UE to execute
the most suitable command autonomously. This mechanism reduces late and failed HOs,
improving mobility robustness.

2.1.3. Handover Execution

The UE executes the HO command synchronized to the target cell, often requiring
beam alignment or switching in mmWave deployments, and completes the Radio Resource
Control (RRC) reconfiguration. User and data-plane bearers are then resumed. While
the default NR HO procedures follow a break-before-make model, resulting in a brief
interruption, 5G systems also support make-before-break through dual connectivity [21].
In this configuration, the UE maintains simultaneous links to multiple cells or gNBs,
enabling smoother transitions and reduced service disruptions.

2.1.4. Handover Completion

After UE reconfiguration, the target gNB acknowledges successful HO completion.
Data forwarding from the source is terminated; buffered packets are delivered; and the
AMF and User Plane Function (UPF) may execute a path-switching procedure during NG-
based handovers [21]. During this phase, performance indicators, including interruption
time, HO completion status, and signaling statistics, are updated. These metrics feed self-
organizing network (SON) optimization loops, enabling long-term mobility enhancements.

2.2. Research Gap and Novelty

In view of this, the work addresses key research gaps in state-of-the-art mobility man-
agement. First, most existing DRL and ML-based handover schemes are designed for either
macro or small cell environments and do not jointly optimize mobility decisions across hybrid
macro–small deployments under a wide range of user speeds (50 km/h–400 km/h) [31]. Sec-
ondly, prior studies typically apply learning at the RAN or edge level but do not integrate
DQN-based decisions centrally within the SDN controller, where a global network view can
be exploited for mobility optimization. Thirdly, to the best of our knowledge, no work has
been published yet that explicitly binds the handover parameters, such as TTT, hysteresis
margin, and target cell type, into a discrete mobility subclass that can be directly used
as the DRL action space, thereby limiting the interoperability and direct controllability
of learned policies. Finally, existing approaches seldom employ a unified, multi-metric
reward that simultaneously accounts for the user throughput, handover success, latency,
and mobility preference, i.e., favoring macro cells at higher speeds and small cells at
lower speeds, which is essential for delivering robust QoS in highly dynamic, ultra-dense
5G-and-beyond networks.

3. Network Model for Hybrid 5G Cellular Network
In our evaluation, handover outcomes and failure events follow the 3GPP NR defini-

tions based on Qin/Qout quality thresholds and supervision timers t310, N310, and N311,
as specified in the technical reports [10,29]. A successful handover is counted when the UE
completes RRC reconfiguration to the target gNB and remains connected without declaring
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radio-link failure (RLF) within a short observation window after handover completion.
A radio-link failure is declared when the UE observes N310 consecutive “out of sync” indi-
cations from the lower layers and the T310 timer expires before receiving N311 “in-sync”
indications, or when random-access and re-establishment procedures fail in accordance
with NR mobility procedures [21]. A handover failure [32] occurs when an RLF is detected
during the handover procedure, or when the connection is re-established to the source
cell shortly after a handover to the target cell, in accordance with mobility robustness
optimization definitions. We further classify a ping-pong handover as a sequence in which
the UE hands over from cell A to cell B and then back to A within a short time window,
thereby increasing signaling overhead and degrading user quality of experience (QoE). This
definition is consistent with recent empirical analyses of ping-pong behavior in commercial
4G/5G networks [33].

4. Solution Approach
The proposed mobility optimization framework leverages an SDNC coupled with a

DQN to intelligently determine handover decisions in an ultra-dense hybrid 5G deployment
comprising macro- and small-cell networks. The SDNC enables centralized visibility
of network-wide measurements, while the DQN model adaptively selects the optimal
handover control parameters, TTT, hysteresis margin, and appropriate target cell type to
achieve seamless mobility for users traveling at speeds up to 400 km/h.

4.1. SDN Controller Layer

The top layer of the suggested network model is centered around the SDN controller
located on a cloud server. This layer will collect all measurement reports from user equip-
ment (UEs) or wireless devices via the base station. The SDN controller will play a key
role in identifying the most suitable neighboring base station to ensure a smooth handover
process by utilizing a deep Q-network reinforcement learning algorithm (DQN). The SDN
controller is modeled as a centralized logical control entity responsible for collecting mea-
surement reports (RSRP, SINR, speed, and user throughput) from all connected gNBs
and user equipment and executing the DQN-based decision-making process for optimal
handover parameter selection. The controller maintains a global network view and applies
the learned policy to determine the appropriate target cell and handover control parameters
for each user. The implementation is carried out within the simulation environment as
a centralized software module that emulates SDN-control plane functionality, including
measurement aggregation, policy inference, and decision dissemination to base stations.
While full-protocol-level open flow signaling is abstracted for computational efficiency,
the controller behavior reflects practical SDN-based mobility management architectures
commonly adopted in 5G research, where centralized intelligence enables coordinated and
adaptive handover decisions across heterogeneous cells. By analyzing the measurement
reports, this Deep Q-network model will evaluate and determine the optimal neighboring
cell for a seamless transition. The measurement reports include Reference Signal Received
Power (RSRP), Signal-to-Interference Noise Ratio (SINR), the UE speed, and the required
data throughput based on the user’s service- and speed-based requirements as listed in
Table 2. The network incorporates two types of base stations: macro base stations and
small base stations. The rationale for these two types of base stations is that, when a vehicle
is moving at high speeds, the SDN controller prefers macro base stations to complete
handovers, whereas it opts for small base stations during moderate or low-speed mobility
to ensure Quality of Service (QoS).
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Table 2. Speed-based mobility subclasses.

Sr.# Subclass Speed (km/h) Throughput (Mbps) Target Cell/Tech

1 A <100 >5 Small/5G
2 B 100 <= 150 >10 Small/5G
3 C 150 <= 200 >15 Macro/4G
4 D 200 <= 300 >15 Macro/4G
5 E >300 >15 Macro/4G

We propose a network architecture that integrates the SDNC, base stations, and UEs
within a high-speed train, accounting for mobility. As depicted in Figure 1, we propose
an ultra-dense deployment of a hybrid architecture combining both macro and small
base stations. We conceptualized the network model as a hybrid network architecture
where multiple macro and micro base stations are deployed. Once the UEs report the
serving base station with the measurement reports of the current state, the SDN controller
is updated with the current state and the handover process is triggered. We anticipate
a high-speed train with UEs and wireless devices distributed randomly across an area,
moving at variable speeds ranging from 50 km/h to 400 km/h. Each gNodeB (gNB) is
connected to at least 10 wireless devices, and a network configuration utilizing 50 gNBs is
proposed as part of the ultra-dense network setup. The UE will transmit a measurement
report to the SDNC via a base station. The proposed model consists of five (5) subclasses
based on mobility speed and required data throughput. Considering user needs, these
subclasses will encompass the values of TTT and HM. Therefore, depending on the user’s
speed and throughput requirements, the Deep Q-Network algorithm will identify the most
suitable mobility subclass of handover parameter values. We adopt the 3GPP A5 event
as the triggering mechanism for all handover decisions. The event A3 is activated when
neighboring cell becomes better than the serving cell by a predefined threshold plus an
offset value, enabling handover preparation but potentially increasing ping-pong effects
in dense mmWave deployments [28]. In contrast, the A5 event deploys dual thresholds,
where the serving cell quality must fall below a defined level while the target cell simultane-
ously exceeds another threshold, thereby reducing unnecessary handovers and improving
mobility robustness in high-speed or interference-prone scenarios [29]. In contrast, the A5
event employs a dual-threshold structure, thereby significantly reducing premature han-
dovers, late HO failures, and instability across different speed scenarios. We selected
the A5 event because its dual-threshold mechanism is better suited to high-speed train
mobility than the A3 event. The mobility-based subclasses are categorized in Table 2. The
current model assumes a very low/negligible inference delay to isolate learning behav-
ior. In practical deployments, controller latency of up to 5 ms primarily affects transition
latency but does not destabilize the learned policy. The centralized aggregation of UE
measurements limits scalability. Beyond several thousands of UEs, hierarchical SDN con-
trol or distributed RIC architectures may be required. These deployment constraints are
acknowledged as system-level limitations and motivate future integration with realistic
RAN simulations. In addition, our simulation environment uses a latency metric that
reflects the complete application-layer end-to-end (E2E) packet delivery time rather than
the intrinsic 5G radio-interface latency [28]. This distinction is essential, as 5G user-plane
latency may accumulate additional delay from buffering, signaling exchanges, controller
processing, and retransmissions during mobility events as per the equation [34] below:

Ltotal = Lradio + LHO−time + Lcontroller + Lqueue + LreTX (1)

where ‘L’ denotes latency, and ‘reTX’ is the retransmissions.
The latency definition used in this work follows the application layer E2E delay

model commonly adopted in studies of 5G mobility and vehicular communication. In this
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model, the total packet delay is decomposed into several components: radio transmission
delay, buffering delay, signaling delay, and retransmission delay [35]. In this work, total
latency is measured as the difference between the packet generation time at the transmitter
application and the packet reception time at the receiver application. This measurement
reflects the user-perceived delay rather than the physical layer transmission delay. This
approach aligns with the 5G E2E latency modeling used in evaluations involving mmWave
and ultra-reliable communication, where scheduling, processing, and retransmissions are
explicitly included in the delay budget [36]. The radio delay Lradio denotes the time required
for packet transmission over the air interface, including scheduling and physical-layer
retransmission. As a fundamental component of latency in 5G systems [37], this delay is
influenced directly by factors such as retransmission time, scheduling, and link adaptation.

DQN Algorithm and Subclasses 
integration with the SDN Controller 
which is deployed at all the Macro 
Base Stations for adaptiveness in 

Handover Process.

High-Speed Train

Macro Base 
Stations

SDN Controller

Small Base Stations

Direction of the 
moving Train

Best Neighbor Cell

Serving Cell

Interfering Neighbor

Direction of 
the moving 

Train

Train track outside of city.

Dense Network 
Deployment within the 

city.

Figure 1. Network architecture (small and macro base stations).

The handover interruption delay LHO−time refers to the time interval between the
last packet successfully received from the serving cell and the first packet received after
handover is complete. This interruption time is a standard performance metric in mobility
studies and is defined in the 3GPP NR RRC technical specifications [10]. Handover proce-
dures can cause temporary data interruptions during signaling exchange and target-cell
synchronization. The controller delay Lqueue represents the time packets spend waiting in
the transmission buffers at the user equipment or base station before they are scheduled
for transmission. Queuing delay can become significant during mobility and periods of
congestion, and it is included in E2E latency modeling for heterogeneous and vehicular
networks [38]. The retransmission delay LreTX represents additional delay caused by radio
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link control retransmission when packet errors occur, particularly under conditions of
fast mobility or poor channel quality. Retransmissions are known to increase latency in
high-speed scenarios within mmWave and small-cell environments [36].

Figure 2 shows a timing diagram illustrating the decomposition of the total E2E
latency used in latency equation. The total latency is measured from packet generation at
the transmitter application to packet reception at the receiver application and is divided into
queuing delay, radio transmission delay, retransmission delay, handover interruption time,
and SDN controller processing delay. This decomposition allows accurate evaluation of
mobility-induced latency during handover events in the proposed SDN-assisted handover
framework.

Figure 2. Latency timing diagram.

4.2. Deep Q-Network Reinforcement Algorithm

RL is a powerful machine learning approach that enables agents to develop optimal
decision strategies by interacting with their environment, aiming to maximize total rewards.
This method is advantageous in dynamic settings, such as cellular networks, where systems
must adapt and improve performance in real-time. The capability of RL to learn through
direct interactions without requiring labeled data makes it adaptable for a range of applica-
tions, including user association and handover processes in cellular networks. Studies have
shown that RL, particularly when combined with deep learning techniques, can signifi-
cantly enhance handover efficiency and user association, surpassing traditional methods
specified by standards such as the Third Generation Partnership Project (3GPP) [23,24].
Table 3 lists the DQN hyperparameters used in our simulations to ensure reproducibility.
However, the learning workflow of the proposed Deep Q-Network-based mobility opti-
mization framework is illustrated in Figure 3. The model processes the observed network
state, including RSRP, SINR, user velocity, and user throughput requirements, and maps
these inputs to the optimal mobility subclass and corresponding handover parameters
through Q-value estimation. The experience replay mechanism and target network update
enable stable learning and convergence, allowing the SDN controller to continuously refine
its handover decisions based on observed network dynamics.

The fundamental components of RL consist of the agent, actions, states, and rewards.

• State is the portray of the current condition of the environment.
• Action acts as the decision-maker—the environment, which reflects the context where

the agent functions and is the selection made by the agent.
• Reward offers feedback regarding the agent’s actions.
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• Policy is the mapping from states to actions that maximizes expected cumulative reward.

The flexibility of RL algorithms enables them to operate effectively in complex environ-
ments with multiple variables, making them appropriate for situations in which traditional
methods may struggle. Moreover, RL’s emphasis on optimizing long-term strategies is
especially beneficial for tasks that demand consistent performance over an extended period,
such as energy management and resource allocation in cellular networks [4,39].

Figure 3. DQN learning model.

Table 3. DQN hyperparameters.

Neural Network Architecture Value

Hidden layers 3
Neurons per layer 128 → 64 → 32
Activation ReLU
Training Hyperparameter

Replay buffer size 100,000
Mini-batch size 64
Learning rate 1 × 10−4 Adam Optimizer
Discount factor (γ) 0.99
Target update Every 10,000 steps
Training episodes 5000+

Exploration policy (ϵ-greedy)

Initial ϵ 1.0
Final ϵ 0.1
Decay Linear steps 100,000

Reward function weights

α (throughput reward) 0.5
β (handover penalty) 0.3
γ (latency penalty) 0.1
λ (Mobility bias penalty) 0.1

In our system model, we introduced different subclasses [40] that contain the set of
handover parameter values (TTT and HM) and serve as the action stage in the Deep Q-
Network model. The state space of the model contains the RSRP, SINR, UE speed, and the
user throughput. Based on the state and action stages, the approach to resolve the handover
challenge using the Deep Q network will be as follows. Let the state St of the model be:

St =
[
ξt−t2, ωt−t2, vt, Ht, Rreq

t

]
(2)
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where ξt−t2 are the current and historical coverage RSRP events, ωt−t2 are the current
and historical SINR values, vt is the speed at which a UE is moving, Ht is the previous
state of handover (either ‘0’ if it did not occur or ‘1’ if it occurred), and Rreq

t is the average
required throughput.

4.3. Deep Q-Networks

Deep Q-Networks (DQN) represent a revolutionary blend of RL and deep neural
networks, designed to address complex decision-making challenges. The central concept
is to train a deep neural network, referred to as the Q-network, to approximate the ideal
action-value function Q(s, a), which predicts the expected cumulative reward for action a
in state s while adhering to the optimal policy thereafter. The algorithm progresses through
several essential steps:

• Experience Collection: The agent interacts with an environment using an ϵ-greedy
policy [41]. With probability ϵ, it selects a random action for exploration; other-
wise, it chooses the action maximizing the current Q-value estimate. Each transition
(st, at, rt, st+1) comprising the current state, action, reward, and next state is stored in a
replay buffer.

• Replay Buffer Sampling: Instead of learning from consecutive experiences, DQN
randomly samples a mini batch of transitions from the replay buffer. This experi-
ence replay mechanism breaks temporal correlations, stabilizes training, and enables
data reuse.

• Q-Target Calculation: For each sampled transition, the target Q-value is computed
using a separate target network (a periodic copy of the main Q-network). The target is
defined as:

yj = rj + γ max
a′

Qtarget(sj+1, a′; θ−) (3)

where rj is the immediate reward, γ is the discount factor (e.g., 0.99), and θ− are the
parameters of the target network. If sj+1 is a terminal state, then yj = rj.

• Loss Minimization: The main Q-network updates its parameters θ by minimizing the
mean squared error (MSE) between its predictions Q (sj, aj;θ) and the targets yj. This
optimization is performed via gradient descent with the Adam optimizer [41], which
iteratively updates the network parameters to minimize the prediction error.
Target network synchronization helps enhance the stability of the learning process.
Every 10,000 steps, the target network’s weights θ− are updated to match the main
Q-network’s weights θ. This “soft update“ stabilizes learning by decoupling the target
values from rapidly changing parameters.

The Action space at time ‘t’ would be:
At

i = {C1, C2, ..., Cn}t, where each class defines the handover parameters and target
base station type, and ‘n’ is the number of classes.

Ci = {TTTi, HMi, TCTi} (4)

where TTT = time-to-trigger, HM= δ threshold, and TCT = target cell type (macro, small).
For reward rt, we define it as a mobility preference as:

rt =

+λ, if vt > vhigh and TargetCellType = macro

−λ, if vt < vhigh and TargetCellType = small
(5)
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The complete reward function would be:

rt = α(
Rach

t

Rreq
t

)− βHOt − γLt + rmob
t (6)

• α: Tunable weightage factor for required and achieved user throughput.
• β: Tunable weight for the handover penalty.
• γ: Penalty weight for average measured packet latency; normally ranges between 0.01

and 0.1.
• HOt: Handover penalty; ‘1’ means handover occurred, and ‘0’ means no handover.

The DQN policy and the loss function are shown as [41]:

• Policy: Q(St, Ci, θ) → Expected long-term value of QoS based on the class Ci.
• Target: Ut = rt + γ * Cj

max Q(St, Ci, θ).
• Loss: L(θ) = (Ut - Q(St, Ci, θ))2.

4.4. Reward, Weight Selection, Sensitivity, and Mobility Preference

The reward function in this work combines throughput satisfaction, handover stability,
and latency objectives into a single scalar signal for learning. Such scalarization is necessary
because mobility management in dense 4G/5G deployment is intrinsically multi-objective;
aggressive handover improves instantaneous radio quality but increases signaling overhead
and ping-pong risk, whereas conservative handover reduces handover rate at the cost of
degraded throughput and interruption events. Recent studies show that the RL-based
mobility controllers explicitly highlight this tension and adopt multi-term objectives to
balance handover frequency and service quality under fast varying radio conditions [23].
Similarly, Deep RL-based handover optimization for ultra-dense 5G networks shows that
stable learning depends on carefully balancing throughput-driven terms against handover-
related penalties to avoid degenerate policies that over-trigger handovers [8].

Weight selection methodology: The weights (α, β, γ, λ) are not selected as arbitrary
constants; instead, they are treated as tuning variables in a controlled procedure aimed
at robustness across mobility regimes. First, each reward component is bounded or nor-
malized to mitigate unit mismatch, an approach commonly used in wireless DRL when
combining heterogeneous metrics (e.g., handover rate, delay, and handover count) in a
single objective [23]. Secondly, we select candidate weights using a two-stage process:
(i) a coarse sweep within a feasible simple α + β + γ + λ = 1 to identify Pareto-efficient
regions, and (ii) local refinement around stable candidates using repeated training under
different random seeds and speed profiles. This tuning philosophy is consistent with
handover-optimization studies where handover control space is highly sensitive to mobility
and fading dynamics, for example: adaptive TTT/HM optimization demonstrating that
small parameter shifts can materially change handover latency, failures, and throughput
trade-offs, motivating systematic calibration rather than single-point settings [21]. To en-
sure that the performance improvements are not dependent on a single heuristic reward
configuration, a sensitivity and stability is conducted by perturbing each reward weight
within a bounded range while maintaining normalized scaling among all components and
evaluating the resulting impact on handover success, ping-pong effect, packet reliability,
and latency. Training stability is further verified across multiple random seeds to confirm
consistent convergence, as robustness evaluation is essential in DRL-based mobility opti-
mization where exploration variance and dynamic channel conditions can otherwise bias
results [23,42]. The mobility term is used as a weak regularizer rather than a hard-coded
rule, consistent with reward-shaping principles that incorporate domain knowledge to
improve convergence while preserving the optimal policy structure [43]. To confirm that
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the agent learns autonomously rather than being guided, an ablation experiment with
the mobility-preference weight set to zero is performed, if the model continues to learn
effective cell-selection behavior but exhibits increased handover oscillations near mobility
transitions, which demonstrates that QoS-driven learning remains the dominant factor
and the preference term only enhances stability, consistent with established DRL-based
handover optimization methodologies [39].

4.5. Baseline Schemes and Fair Tuning

For a fair comparison, all baseline schemes are evaluated under the same network
topology, traffic model, and mobility traces as those used for the proposed SDN-DQN
framework. LIM2 is implemented by having a Kalman filter predict future RSRP values
and a SARSA agent adapt TTT and hysteresis margins using an ϵ-greedy policy. PPO-
and DDQL-based baselines follow the same state representation (RSRP, SINR, UE speed,
and a service class) and action space (TTT/HM/target-cell-type subclasses) as our method,
but differ in the policy update rule and value function estimation, consistent with recent
RL-based mobility designs in 5G networks [23].

4.6. Control Plane Signaling and Decision Latency

The proposed SDN-DQN controller is logically placed above the gNBs or on a train
coach, within the near-real-time RIC architecture envisioned in O-RAN, and in recent SD-
RAN mobility management work [14]. In such architectures, mobility-related control loops
are executed on time scales between a few tens of milliseconds and roughly one second,
depending on the use case and deployment, with stringent requirements for closed-loop
decision latency over the E2/Xn interface and within the controller itself. In our simulation,
the SDN controller ingests periodic measurement reports, executes a single forward pass of
the DQN, and sends updated handover parameters and target-cell decisions back to the
serving gNB. We model signaling overhead as the number of handovers and measurement
reports per UE, and penalize excessive handover rates in the reward to keep control-plane
load comparable to or lower than state-of-the-art RL mobility schemes. Although we
assume negligible inference time for the DQN in the study, the selected network size is
compatible with near-real-time (RT) deployments at the edge, where hardware accelerators
routinely achieve sub-millisecond inference latency for similar models.

5. Performance Analysis
Table 4 additionally ensures fairness and reproducibility across all learning-based

methods, we have explicitly documented the hyper parameters, convergence characteristics,
and runtime complexity of all evaluated algorithms. Table 5 enlists the parameters and
their specified values used in our simulation work derived from [7,21]. In our comparative
analysis, we have considered the handover success rate, user throughput, packet transfer
success rate, and end-user latency. These simulations were executed using Python 3.11.
There are 35 small cells and 15 macro cells for umbrella coverage. The number of UEs is
500, and the mobility speed ranges from 50 km/h to 400 km/h. All the algorithms were
implemented using the same state representation and equivalent action-space structure,
ensuring a consistent comparison framework. Hyper parameters were selected through
controlled tuning aimed at achieving stable convergence rather than peak isolated perfor-
mance for any single method, following established best practices in reinforcement learning
experimentation that emphasize robustness and reproducibility across training seeds and
mobility scenarios rather than single-run optimization.
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Table 4. Baseline configuration and training details.

Algorithm Training Episodes Learning Rate Batch Size Convergence
Behavior

Runtime Complexity
(h)

DQN 5000+ 1 × 10−4 64 Stable with low
variance 2.1

DDQL 5000+ 1 × 10−4 64 Stable but slightly
slower 2.4

PPO 5000+ 3 × 10−4 128 Gradual with higher
variance 3

LIM2 5000+ 5 × 10−4 64 Scenario-dependent 2.7

Adaptive baseline 5000+ 1 × 10−4 64 Stable under fixed
mobility 2

Table 5. Simulation parameters.

Parameters Value

Cell Radius-Small BS 150 m
Cell Radius-Macro BS 1500 m
Center Frequency (Small BS) 26 GHz
Center Frequency (Macro BS) 950 MHz
UE Tx Power 23 dBm
gNB Tx Power 46 dBm
Velocity Model Random Way Point Mobility
Channel Bandwidth (Small BS) 400 MHz
Channel Bandwidth (Macro BS) 20 MHz
Speed of UEs 50–400 Km/h
Number of UEs 500
Path loss Model Log-normal path loss
Fading Model Friis spectrum propagation loss
Propagation Model Constant speed propagation delay
Bit error rate 0.003%
UE noise figure 9 dB
gNB noise figure 5 dB
Thermal noise density −174 dBm/Hz
Time-to-trigger 0–7 ms
Hysteresis Margin 1–3 dB
Simulation time 20 s × 100 runs
values of α and γ 0.5 and 0.9
Number of Base Stations (small) 35
Number of Base Stations (Macro) 15

Handover Success Rate versus Speed: Figure 4 shows the handover success rate as
a function of UE speed and SINR, demonstrating that the proposed SDN-based Deep
Q-Network model consistently outperforms our previously proposed model, as well as the
LIM2, PPO, and DDQL models, across all mobility scenarios. These results highlight the
effectiveness of Reinforcement Learning (RL) in enabling context-aware, adaptive mobility
management. By utilizing historical SINR, coverage patterns (RSRP), and velocity data,
the SDN-based DQN model provides a strong alternative to traditional static threshold-
based strategies. It significantly reduces service interruptions and dropped connections
in high-mobility scenarios. Specifically, the 10–15% improvement is obtained from the
comparative analysis shown in Figure 4a,b, where the proposed SDN-DQN-based model
consistently outperforms the baseline models across SINR and different speed scenarios.

User Throughput versus Speed: Figure 5 presents a comparative analysis of five mobil-
ity models with respect to average user throughput for all successful UEs in the target cell
after handover completion. The SDN-based DQN-based mobility model exhibits slightly
reduced user throughput, but outperforms the other four reinforcement learning models
due to a higher number of successful handovers and a higher HOSR. The trends in the
graphs indicate that our current proposed model also achieves higher user throughput than
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our previous high-mobility model. In addition to this comparative analysis, we observed
significant improvements over other models including LIM2, DDQL, and PPO. The results
presented indicate that the model exhibits significant adaptive target-cell selection capac-
ity. Specifically, it reveals a tendency to favor small cells at lower speeds, particularly in
scenarios with higher data throughput requirements.

(a) (b)
Figure 4. Handover success rate when the total number of UE is 500 versus (a) speed and (b) SINR.

Furthermore, the reinforcement learning (RL) framework employed enables intelligent,
context-aware decision-making, thereby enhancing both spectral efficiency and overall
throughput. This underscores the model’s robust adaptability in terms of QoS. As a result,
it proves especially effective in ultra-dense, heterogeneous network environments, where
traditional rule-based approaches often struggle to maintain consistent user performance.

(a) (b)

(c) (d)
Figure 5. User throughput versus (a) speed and (b) SINR; and (c,d) handover count.

Packet Failure Ratio versus Speed: The packet failure rate graphs in Figure 6 demon-
strate that the proposed SDN-based DQN model consistently achieves higher delivery
reliability compared to LIM2, our previous work, DDQL, and PPO models across all mo-
bility ranges as well as in SINR comparative analysis. As shown in the graphs, the value
remains approximately below 9% across all ranges. This improvement is due to the model’s
ability to predict and adapt to changing channel conditions and interference by intelligently
selecting mobility subclasses based on a Q-value approximation. By dynamically configur-
ing handover parameters and determining the optimal cell types, the model ensures reliable
packet transmission, even in challenging radio environments. This increased success rate is
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particularly beneficial for real-time and delay-sensitive applications, mission-critical IoT,
and high-mobility devices, as retransmission can negatively impact performance.

(a) (b)
Figure 6. Packet failure ratio versus (a) speed and (b) SINR.

Latency versus Speed and SINR: The latency analysis in Figure 7 reflects the end-to-
end packet delivery time, which includes handover interruption, control-plane signaling,
and packet retransmissions during mobility, rather than the intrinsic 5G radio-interface
latency. This explains the reason for the measured values being slightly higher than typical
5G user-plane latency targets, which are normally in the milliseconds range. The slight
increase in latency observed for the SDN-DQN-based model arises from the additional
SDN decision loop and more frequent proactive handovers, both of which contribute to
temporary buffering and signaling overhead. Therefore, the latency metric reported in this
study should be interpreted as an application-level end-to-end delay under high mobil-
ity conditions, not as a violation of standardized 5G latency specifications. Despite this,
the model maintains consistent latency performance across varying UE speed variations,
indicating robustness under diverse channel environments.

(a) (b)
Figure 7. Latency versus (a) speed and (b) SINR.

In our simulation settings, the most likely failure regimes align with three stressors,
i.e., rapid changing speed, speed coupled with SINR degradation via the exponential
model, and ultra dense contention with 500 UEs served by 50 gNBs. First, mobility regime
transition failures are most likely at the subclass boundaries, where the controller may
switch between small- and macro-cell preferences while the SINR changes with speed via
the exponential decay term. In these boundary zones, the radio environment becomes
temporarily non-stationary, which can induce short-lived policy oscillations. Secondly,
the other worst case scenario is packet reliability and latency spikes concentrating when
high speed combines with fast SINR decay and dense neighbor competition, where the
serving link quality can drop rapidly while multiple candidate cells remain close in quality,
especially given short cell radii. In such conditions, handover execution may occur while
simultaneously degrading the serving and target quality, producing bursts of packet failures
and tail latency even if the mean latency remains acceptable. We can address these worst
cases by proposing a tail-aware optimization technique that penalizes latency or packet-
loss violations beyond threshold levels, ensuring the learning process accounts for rare
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degradation events rather than only mean performance [23]. In high-speed scenarios where
rapid SINR decay may cause burst losses during handover execution, make-before-break
or dual-connectivity strategies may possibly be able to maintain link continuity and reduce
interruption risk [44].

6. Conclusions
Effectively managing seamless handovers in hybrid 5G-and-beyond cellular network

conditions is a complex challenge. Poor management can degrade QoS and adversely affect
the end-user experience. This issue has been the focus of extensive research, and we pro-
pose an innovative Deep Q-Network-based reinforcement learning (RL) model integrated
with Software-Defined Networking (SDN) to enhance handover performance in hybrid
5G environments.

Our approach introduces a mobility subclass-based framework that adaptively config-
ures handover parameters. This framework dynamically adjusts these parameters via an
online policy that accounts for environmental conditions, yielding a more flexible solution.
The model is designed to address various hybrid network conditions across different speed
scenarios, including low- and high-mobility scenarios, such as high-speed trains.

Simulation results show significant improvements: up to a 15% increase in handover
success rates and approximately a 20% increase in average user throughput, as indicated
by Signal-to-Interference-plus-Noise Ratio (SINR) values. This model is well-suited for a
range of mobility scenarios, from 50 km/h to 400 km/h, within 5G networks, ensuring
optimal QoS.

Moving forward, it is essential to develop a dual-technology-based model that ad-
dresses the service-based requirements of both nearby and distant mobile users, particularly
in ultra-dense urban environments where diverse mobility conditions are prevalent in smart
cities. Additionally, while increased flexibility in handovers is beneficial, it also exposes the
system to greater risks, such as man-in-the-middle attacks and handover hijacking. Future
developments should include trust models or secure reinforcement algorithms capable of
detecting and avoiding malicious base stations or signal spoofing in real-time, full-stack
validation using ns-3 NR or O-RAN RIC integration.
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