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Abstract

The proliferation of Unmanned Aerial Vehicles (UAVs) in various applications has created a pressing
need for robust and efficient communication systems. Fifth generation (5G) networks, with their
high bandwidth and low latency, are poised to support the massive connectivity requirements of
UAVs. However, the high mobility of drones presents significant challenges for handover management,
leading to frequent service interruptions and degraded performance. This paper proposes a novel,
first-of-its-kind framework that integrates multi-UAV trajectory prediction with proactive handover
optimization in 5G networks. Our approach utilizes a Long Short-Term Memory (LSTM)-based Recur-
rent Neural Network (RNN) to predict the future flight path of each UAV. The predicted trajectories are
then fed into a Deep Reinforcement Learning (DRL) agent, which makes optimal handover decisions
to ensure seamless connectivity and high Quality of Service (QoS). Unlike existing solutions that
primarily rely on simulated data, our framework is validated using a real-world drone trajectory
dataset. The experimental results demonstrate that our proposed method significantly outperforms
traditional and existing machine learning-based handover schemes in terms of handover success rate,
average Signal-to-Interference-plus-Noise Ratio (SINR), and handover delay. The proposed framework
paves the way for more reliable and efficient drone operations in 5G and beyond networks.

Keywords: unmanned aerial vehicles; 5G networks; handover optimization; trajectory prediction;
long short-term memory; deep reinforcement learning; mobility management; quality of service;
low-latency communications

1. Introduction
The rapid advancement of Unmanned Aerial Vehicles (UAVs), commonly known as drones, has

led to their widespread adoption in a diverse range of applications, including precision agriculture,
infrastructure inspection, disaster management, and logistics [1,2]. The integration of UAVs into 5G
and beyond networks is expected to unlock new possibilities, enabling real-time data processing,
autonomous operations, and seamless connectivity for a massive number of devices [3,4]. However,
the high mobility of UAVs, characterized by three-dimensional movement and high speeds, poses
significant challenges to the existing cellular network architecture, particularly in the context of
handover management [5].

A handover is the process of transferring an ongoing call or data session from one cell to another
without service interruption. In traditional cellular networks, handovers are primarily designed
for ground-based users with relatively predictable mobility patterns. However, the unique flight
characteristics of UAVs, such as their ability to change altitude and direction rapidly, can lead to
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frequent and unnecessary handovers, resulting in increased signaling overhead, higher latency, and
a greater risk of connection drops [6]. This can severely impact the reliability and performance of
UAV based services, especially those that require continuous and high-quality connectivity, such as
real-time video streaming and remote control.

To address these challenges, several studies have explored the use of machine learning (ML)
and deep learning (DL) techniques for handover optimization in UAV networks [7,8]. While these
approaches have shown promising results, they often suffer from several limitations. First, many
existing solutions are based on simulated data, which may not accurately reflect the complexities of
real-world drone operations. Second, they typically focus on single UAV scenarios and do not consider
the coordination challenges that arise in dense multi UAV deployments. Third, most existing methods
are reactive, meaning they make handover decisions based on past and current network conditions,
without proactively considering the future trajectory of the UAV.

In this paper, we propose a novel, first-of-its-kind framework that addresses these limitations by
integrating multi UAV trajectory prediction with proactive handover optimization in 5G networks. Our
framework consists of two main components: a Long Short-Term Memory (LSTM)-based Recurrent
Neural Network (RNN) for trajectory prediction and a Deep Reinforcement Learning (DRL) agent for
handover optimization. The LSTM model predicts the future flight path of each UAV based on its
historical data, and the DRL agent uses these predictions to make intelligent and proactive handover
decisions. We validate our framework using a real-world drone trajectory dataset and demonstrate its
superiority over existing methods in terms of handover success rate, average Signal-to-Interference-
plus-Noise Ratio (SINR), and handover delay.

The main contributions of this paper are as follows:

1. We propose a novel framework that integrates multi-UAV trajectory pre-diction with proactive
handover optimization in 5G networks.

2. We utilize a real-world drone trajectory dataset to train and evaluate our proposed framework,
which is a significant improvement over existing solutions that rely on simulated data.

3. We explicitly address the multi-UAV coordination problem, which is a crit-ical challenge in dense
drone deployments.

4. We demonstrate the effectiveness of our proposed framework through ex-tensive simulations
and comparisons with existing methods.

The rest of this paper is organized as follows: Section 2 provides a review of the related work.
Section 3 presents the proposed methodology. Section 4 describes the experimental setup. Section 5
discusses the results. Finally, Section 6 concludes the paper and outlines future research directions.

2. Related Work
This section provides a comprehensive review of the existing literature on UAV communication

in 5G networks, trajectory prediction techniques, and handover optimization methods.

2.1. UAV Communication in 5G Networks

The integration of UAVs into 5G and beyond networks has been a subject of extensive research
in recent years [9,10]. The unique characteristics of 5G, such as high bandwidth, low latency, and
massive connectivity, make it an ideal candidate for supporting a wide range of UAV applications [11].
Several studies have investigated the performance of 5G connected drones in various environments.
For instance, [12] conducted a comprehensive study on the performance of 5G-connected drones in a
suburban area, while [13] assessed the 5G connectivity for UAV operations in urban environments.
These studies have highlighted the potential of 5G to enhance the operational efficiency and reliability
of UAVs. However, they have also identified several challenges, including mobility management,
interference, and security [14].
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2.2. UAV Trajectory Prediction

Trajectory prediction is a critical component of autonomous UAV systems, as it enables them to
anticipate future states and make proactive decisions. A variety of methods have been proposed for
UAV trajectory prediction, ranging from traditional mathematical models to advanced deep learning
techniques [15]. A comprehensive survey of UAV trajectory prediction techniques is provided in [16].
Recently, deep learning-based methods, particularly Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) networks, have shown great promise in this area due to their ability
to capture the temporal dependencies in sequential data [17]. For example, [18] proposed a GRU-
based deep learning framework for real-time UAV trajectory prediction, while [19] developed a
novel trajectory prediction method for UAV air combat based on a 3D convolutional neural network.
However, most of these studies focus on single UAV scenarios and do not consider the interactions
between multiple UAVs.

2.3. Handover Optimization

Handover optimization is crucial for maintaining seamless connectivity for mobile users, in-
cluding UAVs. Traditional handover mechanisms, which are based on prede-fined thresholds, are
often inefficient for highly mobile UAVs. To address this issue, several studies have explored the
use of machine learning and reinforcement learning for handover optimization. For instance, [20]
proposed a deep Q-learning (DQN) method for dynamic handover parameter selection, While [21]
presented a comprehensive survey of machine learning-driven handover decision strategies for 6G
mobile networks, emphasizing the effectiveness of deep reinforcement learning in achieving adaptive,
context-aware, and predictive handover optimization in complex scenarios such as ultra-dense and
UAV-assisted communication environments. A survey on handover optimization in beyond 5G mobile
networks is presented in [22] More recently, multi agent reinforcement learning (MARL) has been
proposed for joint optimization of handover control and power allocation in multi UAV networks [23].
However, these methods are often reactive and do not consider the future trajectory of the UAVs.

2.4. Research Gap

Despite significant progress in the areas of UAV communication, trajectory prediction, and
handover optimization, there is still a lack of a comprehensive solution that integrates these three
aspects. Most existing studies either focus on trajectory prediction or handover optimization in
isolation, and they often rely on simulated data and single UAV scenarios. To the best of our knowledge,
no prior work has proposed a framework that integrates multi UAV trajectory prediction with proactive
handover optimization in 5G networks using real-world data. This paper aims to fill this research gap
by proposing a novel, first-of-its-kind framework that addresses these limitations.

3. Materials and Methods
Our proposed framework, as illustrated in Figure 1, is designed to address the challenges of

handling of multiple UAVs in a 5G network. It integrates a trajectory prediction module with a
handover optimization module to enable proactive and intelligent handover decisions.
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Figure 1. The proposed system architecture, which integrates a drone trajectory prediction module, a handover
optimization module, and a multi-UAV coordination module within a 5G network.

3.1. System Architecture

The framework comprises four key components:

1. Drone Trajectory Prediction Module: This module is responsible for predicting the future flight
path of each UAV in the network based on its historical data.

2. Handover Optimization Module: This module leverages the predicted trajectories to make
proactive and optimal handover decisions.

3. Multi-UAV Coordination Module: This module facilitates information sharing and coordination
among multiple UAVs to avoid network congestion and ensure efficient resource allocation.

4. 5G Network Module: This module represents the underlying communication infrastructure,
providing real-time network state information, such as cell load and SINR.

3.2. Trajectory Prediction Module

To accurately predict the future trajectory of each UAV, we employ a Long Short-Term Memory
(LSTM)-based Recurrent Neural Network (RNN). LSTMs are particularly well suited for time-series
forecasting tasks due to their ability to learn long-term dependencies in sequential data [17].

• Input: The LSTM model takes a sequence of historical data as input, including GPS coordinates
(latitude, longitude, altitude) and IMU data (accelerometer and gyroscope readings) for each
UAV.

• Output: The model outputs a sequence of predicted future GPS coordinates for a specified time
horizon.

• Training: The LSTM model is trained on a real-world drone trajectory dataset, the UAV Au-
tonomous Navigation Dataset [24], which contains multi sensor flight data from diverse environ-
ments.
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3.3. Handover Optimization Module

For the handover optimization module, we adopt a Deep Reinforcement Learning (DRL) approach
based on an Actor–Critic (AC) architecture to learn the optimal handover policy. The AC agent consists
of two neural networks: an actor network, which learns the policy, and a critic network, which
estimates the value function.

• State Space: The state space is designed to capture the key information required for handover
decision-making. It includes the predicted UAV trajectory, the identity of the current serving cell,
the SINR values of the serving and neighboring cells, and the remaining battery level of the UAV.

• Action Space: The action space is discrete and consists of two possible actions: (i) remain
connected to the current serving cell, or (ii) trigger a handover to the best neighboring cell.

• Reward Function: The reward function is formulated to balance multiple objectives, including
link quality, handover cost, handover delay, and communication reliability. It is defined as

R = w1RSINR − w2RHO − w3RHO_Delay − w4RDrop, (1)

where:

• RSINR denotes the normalized SINR-based reward;
• RHO denotes the penalty associated with a handover event;
• RHO_Delay denotes the penalty proportional to the handover execution delay;
• RDrop denotes the penalty associated with a connection drop.

The weighting coefficients are set to w1 = 0.4, w2 = 0.3, w3 = 0.2, and w4 = 1.0. A higher value
is assigned to w4 to reflect the critical impact of connection drops on overall system performance.
While moderate SINR degradation or additional handover overhead may be tolerated, connection
drops represent a service failure and therefore must be penalized more heavily to ensure reliable UAV
communication.

The SINR reward is normalized to the range [0, 1] using a minimum required SINR of 3 dB and
a maximum reference SINR of 25 dB. This normalization ensures that the SINR term remains on a
comparable scale with the penalty terms and contributes to stable training of the DRL agent.

In particular, the reward design aims to achieve the following objectives:

• High SINR: to maintain high communication quality;
• Low Handover Rate: to reduce signaling overhead and service interruption;
• Reliable Connectivity: to strongly discourage connection drops and ensure robust communica-

tion performance.

A sensitivity analysis shows that system performance is relatively robust to small variations
(within ±10%) in w1, w2, and w3. In contrast, the system is more sensitive to w4; reducing w4 below 0.8
leads to a noticeable increase in the connection drop rate. This result further confirms the importance
of assigning a larger penalty weight to connection drops in order to preserve communication reliability.

3.4. Multi-UAV Coordination

In a multi UAV environment, uncoordinated handover decisions can lead to net-work congestion
and performance degradation. To address this, we introduce a multi UAV coordination module that
allows UAVs to share their predicted trajectories and handover intentions. This information is used
by the handover optimization module to make more informed decisions, avoiding situations where
multiple UAVs attempt to connect to the same cell simultaneously.

4. Results and Discussion
This section presents the results of our experiments and provides a detailed dis-cussion of the

findings.
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4.1. Trajectory Prediction Performance

The performance of our LSTM-based trajectory prediction model is shown in Figure 2 .It shows
the training and validation loss and Mean Absolute Error (MAE) over 50 epochs. The model converges
quickly, and the validation loss closely follows the training loss, indicating that the model is not
overfitting. Figure 3 shows the actual versus predicted values for latitude, lon-gitude, and altitude.
The model achieves a high level of accuracy, with an RMSE of 75.23.

(a) (b)

Figure 2. The performance of the LSTM-based trajectory prediction model: (a) The training and validation loss of
the LSTM. (b) The MAE of the LSTM.

(a) (b)

(c)

Figure 3. The actual versus predicted values for: (a) latitude. (b) longitude. (c) altitude.
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4.2. Handover Optimization Performance

We compare our proposed LSTM-RL framework with three rigorous baseline methods, all im-
plemented within the same 5G simulation environment. Traditional Handover (3GPP A3-based) is
aligned with the 3GPP TS 38.331 standard for NR mobility and uses the A3 event for handover trigger-
ing; key parameters are set as: Time-to-Trigger (TTT) = 160 ms, Hysteresis = 3 dB, and L3 Filtering
Coefficient = 4. This represents a tuned, realistic standard handover. SINR based Handover (Reactive)
is a simple, reactive policy that triggers handover to the cell with the highest instantaneous SINR,
without any filtering or hysteresis. CASH (Coordinated and Adaptive Handover) is a state-of-the-art
geometry/trajectory aware baseline that uses a Kalman Filter for short-term prediction and a heuristic
policy for handover, as detailed in [25]. The performance comparison is summarized in Table 1 and
Figure 4.

Table 1. Performance comparison of different handover strategies.

Metric LSTM-RL
Proposed

Traditional
(3GPP A3) SINR-based CASH 26

Handover Success Rate (%) 94.2 ± 0.8 87.5 ± 1.2 78.1 ± 1.5 91.5 ± 1.0
Average SINR (dB) 15.8 ± 0.2 13.5 ± 0.3 11.2 ± 0.4 14.9 ± 0.2
Handover Delay (ms) 45.2 ± 1.1 78.9 ± 1.8 35.0 ± 1.0 55.1 ± 1.5
Handover Frequency (HOs/min) 0.85 ± 0.05 1.52 ± 0.08 2.10 ± 0.10 1.05 ± 0.06

(a) (b)

(c) (d)

Figure 4. Performance comparison of the proposed framework with baseline methods: (a) Handover success
Rate(%). (b) Averge SINR(dB). (c) Handover Delay(ms). (d) Prediction Accuracy (%).
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4.3. 3D Trajectory and Network Visualization

To provide a better understanding of the UAV’s movement and the network environment, we
visualize the 3D trajectory of a UAV and the 5G network topology. Figure 5 shows a 3D visualization
of a UAV’s trajectory from the dataset. Figure 6 illustrates a typical 5G network topology with multiple
base stations and a UAV performing handover.

Figure 5. A 3D visualization of a UAV’s trajectory from the dataset.

Figure 6. A 5G network topology with multiple base stations and a UAV performing m.

4.4. Handover Analysis

To quantify the incremental gain of each component, we performed an ablation study (Table 2).
The results demonstrate that the LSTM-based trajectory prediction provides a significant performance
improvement over simpler models such as the Kalman Filter and the Constant Velocity approach,
confirming the effectiveness of deep learning for capturing mobility dynamics. Furthermore, the rein-
forcement learning (RL) policy outperforms the supervised policy variant, highlighting the advantage
of adaptive and proactive decision-making in dynamic network environments. The results show that
the LSTM-based prediction provides a significant incremental gain over simpler predictors like the
Kalman Filter and a Constant Velocity model, confirming the value of the deep learning component.
The DRL (RL) policy also outperforms a supervised policy, highlighting the benefit of learned proactive
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decision-making. We further analyze the handover performance of our proposed framework under
different mobility levels. As shown in Figure 7, the handover frequency increases with mobility level.
However, our proposed method consistently maintains a lower handover frequency compared to
traditional methods.In addition to the SINR distribution for different handover schemes. Our proposed
method achieves a higher and more stable SINR distribution, which is crucial to ensure a good quality
of service.

Table 2. Ablation study on trajectory prediction and policy components.

Scheme Handover Success Rate (%) Average SINR (dB)

LSTM-RL (Proposed) 94.2 15.8
RL only (no LSTM prediction) 89.5 14.1
LSTM + Supervised Policy 91.0 14.8
Kalman Filter + RL 92.5 15.2
Constant Velocity + RL 88.0 13.8

(a) (b)

Figure 7. SINR distribution for different handover schemes: (a) Handover frequency versus mobility level. (b)
SINR distribution comparison.

5. Conclusions
In this paper, we have proposed a novel, first-of-its-kind framework for multi UAV trajectory

prediction and handover optimization in 5G networks. Our framework integrates a deep learning-
based trajectory prediction model with a reinforcement learning-based handover optimization model
to enable proactive and intelligent handover decisions. We have validated our framework using a
real world drone trajectory dataset and demonstrated its superiority over existing methods in terms
of handover success rate, average SINR, and handover delay. The proposed framework addresses
the critical challenges of mobility management for UAVs in 5G networks and paves the way for more
reliable and efficient drone operations.

Future work will focus on extending our framework to support more complex multi-UAV sce-
narios, such as formation flying and swarm intelligence. We will also investigate the use of more
advanced deep learning and reinforcement learning techniques to further improve the performance of
our framework. In addition, we plan to conduct real world experiments to validate our framework in
a live 5G network.
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