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Abstract—Ubiquitous 5G/6G network access increasingly relies
on non-terrestrial Networks (NTN), yet the mobility patterns of
Low Earth Orbit (LEO) satellite constellations create significant
challenges for seamless connectivity. In existing studies, handover
management in NTN environments has been handled using
heuristic-based approaches or deep Q-learning (DQN) models,
which often lack the foresight needed to anticipate mobility
changes, resulting in frequent handovers and connectivity dis-
ruptions. To address these limitations, we propose a hybrid
model-aided learning framework that combines a transformer-
based predictive model with reinforcement learning (RL) to
manage handovers in real-time adaptively. By introducing a short
prediction horizon from the transformer model before applying
an advantage actor-critical (A2C) RL approach, our framework
reduces handover frequency and accelerates convergence. Numer-
ical results validate the effectiveness of this approach, showing
higher rewards, higher demand satisfaction, greater stability, and
enhanced efficiency compared to DQN-based methods and RL
without predictive components.

Index Terms—Non-Terrestrial Networks, Handover Manage-
ment, Transformer Models, Reinforcement Learning, Deep
Learning.

I. INTRODUCTION

The rapid evolution of communication technologies, cou-
pled with the increasing demand for seamless connectivity,
has led to the development of non-terrestrial networks (NTN),
such as Low Earth Orbit (LEO) satellite networks. These
networks play a critical role in expanding global communi-
cation coverage, especially in remote and underserved areas
where terrestrial infrastructure is limited [1]. One of the most
pressing challenges in these networks is managing handovers,
particularly when dealing with highly dynamic environments
involving both satellites and mobile ground or airborne de-
vices, such as airplanes or high-speed trains. In NTN environ-
ments, frequent handovers occur due to the high mobility of
both satellites and devices [2]. If not handled efficiently, these
frequent handovers can result in communication disruptions,
increased latency, reduced quality of service (QoS), and exces-
sive signaling overhead [3]. Effective handover management is
thus critical to ensure reliable and high-quality communication
in NTNs [4]. It requires predictive, proactive decision-making
to anticipate changes in coverage, resource availability, and
congestion levels.

Based on the available literature, handover management in
satellite networks has relied on heuristic-based methods or
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Deep Q-learning (DQN) approaches [5], which often fail to
adequately anticipate the complex, dynamic nature of airplane
trajectories and satellite mobility patterns. These methods
typically struggle with frequent handovers, increased latency,
and resource inefficiency due to their limited ability to capture
long-term dependencies and adapt proactively to changing
conditions.

Consequently, in this paper, we propose a hybrid model-
aided learning framework that integrates a transformer-based
model for predicting airplane trajectories with a deep rein-
forcement learning (DRL) agent using an advantage actor-
critic (A2C) approach [6]. Our approach addresses these
limitations through a transformer model to capture both
short-term and long-term dependencies in airplane trajectory
data, allowing for accurate predictions of future positions.
This predictive capability is crucial for proactive decision-
making in dynamic satellite environments. The DRL agent,
specifically employing the A2C algorithm, further enhances
the framework by effectively handling continuous decision-
making under uncertainty. Unlike conventional models, the
A2C agent optimizes satellite handovers by balancing explo-
ration and exploitation through both policy-based and value-
based learning, thereby reducing unnecessary handovers and
improving overall network performance. This dual approach
allows for more robust and adaptive handover decisions, thus
addressing the shortcomings in response times and predictive
accuracy found in state-of-the-art methods.

II. RELATED WORK

Satellite handover schemes have been explored in the liter-
ature. For example, the authors in [7] addressed the satellite
handover challenge in LEO satellite networks. They proposed
a multi-agent Q-learning approach aimed at minimizing the
average number of handovers for terrestrial User Equipment
(UE). Their state representation incorporated key features,
including the coverage of LEO satellites, the availability of
communication channels for each satellite, and the corre-
sponding service duration of each satellite. A multi-agent
RL framework was proposed in [8], where multiple UE
cooperatively optimize the number of handovers in the whole
network considering different handover criteria. Moreover,
a load-balancing energy-aware satellite handover has been
proposed in [5]. The proposed handover solution addresses
the handover in satellite-terrestrial integrated networks with
UEs with different and variable performance requirements.



Additionally, recent advancements have been made in DRL
approaches to optimize handover decisions in highly dynamic
satellite environments. A DRL-based strategy for satellite com-
munications is described in [9], which significantly reduces
signaling overhead in LEO satellite networks. A machine
learning-based solution focusing on NTN systems is discussed
in [10], where machine learning techniques are applied to
enhance handover decisions and reduce signaling storms in
NTNs. Similarly, the work in [11] introduces a load-aware
multi-agent RL approach that balances the network load dur-
ing satellite handovers. Furthermore, comprehensive handover
strategies tailored for various orbital configurations like LEO,
MEO, and HEO are explored in [12].

While the existing approaches, such as those discussed in
[5] - [12], have significantly advanced handover management
in satellite communication networks, they predominantly focus
on optimizing specific aspects such as minimizing handovers
or reducing signaling storms. These models often overlook
the complex interplay between the high mobility of satellites
and the dynamic nature of their communication environment,
leading to potential inefficiencies under varying operational
conditions. Furthermore, the application of DRL in these
works generally lacks integration with predictive models that
can proactively manage satellite handovers based on the antic-
ipated trajectory and behavior of high-speed mobile platforms.

III. SYSTEM MODEL

A. Satellite Network Model

We consider a constellation of N LEO satellites providing
communication services to high-mobility platforms. In this
work, and without loss of generality, we focus on airplanes
as the user terminals. The satellites move in predetermined
orbits, with their positions at any time t determined by their
orbital parameter. Each satellite is characterized by:

Position and Mobility: The position of satellite n at time
t is given by SatPosn,t = {latn,t, lonn,t, altn,t}, where
lat, lon, and alt represent latitude, longitude, and altitude,
respectively.
Communication coverage: Each satellite has a coverage
area determined by its altitude and antenna maximum
pointing angle. A satellite can provide service to an
airplane if the elevation angle θk,n,t between the satellite
and airplane k is above a minimum threshold θmin. In our
model, we set θmin = 20◦ [13].We assume overlapping
satellite coverage allows multiple satellites to serve the
same airplane. Additionally, Earth-moving beams dynam-
ically adjust to follow the airplane’s position, ensuring
continuous connectivity.
Resource Capacity: Satellites have limited communica-
tion resources. The congestion level of satellite n at time
t is congn,t ∈ [0, 1], where 1 indicates full utilization.

B. Airplane Model

We consider a set of K airplanes equipped with satellite
communication terminals. Each airplane is characterized by:

Position and Mobility: The position of airplane k at
time t is given by PlanePosk,t = {latk,t, lonk,t, altk,t}.
Airplane trajectories are dynamic and need to be predicted
for future timesteps.
Communication Demand: Each airplane has a commu-
nication demand demk,t ∈ [dmin, dmax], representing the
fraction of a satellite’s resource capacity required by the
airplane at time t.
Coverage by Satellites: At any time t, airplane k can be
within the coverage areas of a subset of satellites, denoted
as CoverSatk,t ⊆ {1, 2, . . . , N}.

C. Communication Parameters

1) Elevation Angle: The elevation angle θk,n,t between
airplane k and satellite n at time t is a critical parameter
affecting the communication quality. It is calculated based on
the positions of the airplane and satellite.

2) Resource Allocation and Congestion: Resource alloca-
tion allock,n,t represents the amount of satellite n’s resources
allocated to airplane k at time t, and is determined by two
factors: the airplane’s communication demand demk,t and
the available capacity of the satellite, which depends on the
congestion level congn,t.

The congestion congn,t is defined as the fraction of the
satellite’s total capacity currently in use. A fully used satellite
corresponds to congn,t = 1, while an idle satellite has
congn,t = 0.

The resource allocation formula is given as:

allock,n,t = min
(
demk, t, 1− congn,t

)
, (1)

where allock, n, t ensures that the resource allocated to
airplane k does not exceed either its demand demk, t or
the satellite’s remaining capacity 1 − congn,t. This balance
prevents over-allocation and ensures equitable resource distri-
bution among airplanes served by the satellite.

After allocation, the congestion level of satellite n is up-
dated:

congn,t+1 = congn,t + allock,n,t (2)

3) Quality of Service (QoS) and Reward Function: QoS
experienced by an airplane k when connected to a satellite n
at a given time t is influenced by several factors, including
the elevation angle θk,n,t (higher elevation angle is associated
with better signal quality), resource allocation (if the selected
satellite is able to accommodate all its demand), and satellite
congestion (if the satellite will be close to saturation when
admitting the new user). The QoS and the corresponding
reward are calculated using several functions based on the
elevation angle.

a) QoS Calculation: The QoS is defined as follows:

QoSk,n,t =

(
θk,n,t
θmax

)1.5

×
(

allock,n,t + 0.1

demk,t + 0.1

)
×(1−congn,t),

(3)



where 1.5 amplifies the importance of higher elevation an-
gles, allock,n,t + 0.1 ensures that resource allocations are
not overly sensitive to minor variations in allocation values,
and demk,n,t + 0.1 ensures numerical stability when demand
demk,n,t is close to zero.

The QoS is clipped to the range [0, 1].

QoSk,n,t = min
(
max

(
QoSk,n,t, 0.0

)
, 1.0

)
(4)

D. Handover Mechanism

Airplanes can decide to maintain the current satellite con-
nection or perform a handover to another satellite in their
coverage. The handover decision can be impacted by:

Future State: Predicted positions of the airplane allowing
anticipation of coverage changes.
QoS Optimization: Balancing the trade-off between
maintaining QoS and minimizing handover frequency.
Resource Availability: Considering satellite congestion
levels to ensure sufficient resources are available.

E. Constraints

To ensure efficient resource allocation and system stability,
we define the following constraints in our problem formula-
tion:

Resource Capacity Constraint: This constraint ensures
that the total resources allocated by a satellite do not
exceed its available capacity at any given time, which
is stated as follows:∑

k

allock,n,t ≤ 1, ∀n, t (5)

where allock,n,t represents the proportion of resources
allocated by satellite n to airplane k at time t. This
constraint prevents overloading a satellite and ensures fair
resource distribution.
Elevation Angle Constraint: To maintain effective com-
munication, the elevation angle θk,n,t between an airplane
and a satellite must exceed a minimum threshold θmin.

θk,n,t ≥ θmin, ∀k, n, t (6)

These constraints are critical for ensuring the stability
and efficiency of the satellite communication system. They
balance resource utilization, maintain communication quality,
and avoid congestion or under-utilization of satellite resources.

IV. PROPOSED HYBRID MODEL-AIDED LEARNING
FRAMEWORK

As illustrated in Fig. 1, to predict future airplane positions
ˆPlanePosk,t+n based on historical trajectory data, we use

a transformer-based prediction model. Then, a DRL model
has been proposed to learn the optimal policy π∗ using the
augmented state that includes predicted future positions and
satellite mobility information. By integrating these compo-
nents, the framework enables proactive handover decisions that
maximize QoS while minimizing unnecessary handovers and
avoiding satellite congestion.

Fig. 1: The proposed framework.

A. Transformer-Based Prediction Model

To address the challenge of accurately predicting future
airplane positions, we use a transformer-based prediction
model, which is well-suited for handling sequential data and
capturing long-term dependencies. The ability to anticipate
airplane trajectories is critical for enabling proactive handover
decisions that minimize connection disruptions and optimize
satellite resource allocation.

1) Model Description: The transformer model processes a
sequence of historical airplane positions as input and predicts
the airplane’s position at a future time step. Specifically, the
input sequence is given by:

Xk = {PlanePosk,t−l, . . . ,PlanePosk,t}, (7)

where l represents the number of historical time steps con-
sidered, and PlanePosk,t includes the latitude, longitude, and
altitude of airplane k at time t. The model outputs the predicted
position of the airplane at time t+ l, denoted as:

ˆPlanePosk,t+l = fθ(Xk), (8)

where fθ represents the transformer model parameterized by
θ.

2) Architectural Advantages: The transformer architecture
leverages the self-attention mechanism to model complex
dependencies within the input sequence, allowing it to:

Capture temporal dynamics: The self-attention mech-
anism assigns dynamic weights to different time steps,
enabling the model to focus on relevant trajectory points
that influence the airplane’s future position.
Handle long-term dependencies: Unlike recurrent neural
networks (RNNs) and long short-term memory (LSTM)
networks, the transformer avoids the vanishing gradient
problem and efficiently captures long-term motion trends.
Facilitate parallelization: The transformer’s parallel pro-
cessing capabilities significantly reduce the computational
overhead during training and inference compared to se-
quential models.

3) Training Objective: The model is trained to minimize
the prediction error between the actual future position of the
airplane and the predicted position. The Mean Squared Error
(MSE) is adopted as the loss function, defined as:

L =
1

K

K∑
k=1

∥∥∥ ˆPlanePosk,t+l − PlanePosk,t+l

∥∥∥2 , (9)



where K is the number of airplanes in the training dataset. The
model iteratively updates its parameters using backpropagation
to reduce the loss and improve prediction accuracy.

The prediction capability of the transformer model enhances
the robustness of the proposed hybrid framework, reducing
unnecessary handovers while ensuring high QoS. Compared to
the available literature methods relying solely on instantaneous
states, the transformer-based predictions extend the temporal
awareness of the RL agent, leading to superior performance
in dynamic high-mobility environments.

B. Deep Reinforcement Learning Agent

We leverage a DRL agent that learns an optimal handover
policy in a dynamic and stochastic environment to optimize
handover decisions in the satellite communication environ-
ment. The DRL agent combines real-time state information
and future trajectory predictions provided by the transformer
model (Sk,t) to make anticipatory and proactive decisions
that maximize QoS while minimizing handover frequency and
avoiding satellite congestion.

The proposed DRL agent is implemented using the A2C
model, which balances policy optimization (actor) and value
estimation (critic). In the A2C model, the agent maintains two
neural networks: an actor-network that determines the policy
and a critic network that estimates the value function. The
actor network represents the policy πθ(at | st), where θ are
the parameters of the neural network. It outputs a probability
distribution over actions based on the current state st:

πθ(at | st) = softmax(fθ(st)). (10)

The state includes the airplane’s current position, predicted
future locations (from the Transformer model), satellite ele-
vation angles, congestion levels, and historical QoS metrics,
providing a comprehensive representation of the system’s
dynamics. The action represents either maintaining the current
satellite connection or switching to a new one among the
available satellites. These actions interact directly with the
environment, affecting QoS, resource allocation, and handover
penalties. The goal of the actor is to maximize the cumulative
expected reward by selecting the best action at at each time
step t. To note, at represents the handover decision, where its
size equals the number of satellites plus one, corresponding to
the option of maintaining the current satellite connection (i.e.,
no handover).

The critic network evaluates the state-value function Vϕ(st),
where ϕ are the parameters of the critic network. The state-
value function quantifies the expected cumulative reward start-
ing from state st under policy π:

Vϕ(st) = E

[ ∞∑
k=0

γkR(st+k, at+k) | st, π

]
. (11)

The critic network provides an advantage function that mea-
sures the benefit of taking an action at in state st relative to
the baseline value Vϕ(st). This advantage is defined as:

A(st, at) = Q(st, at)− Vϕ(st), (12)

where Q(st, at) is the action-value function. The advantage
guides the actor-network to prioritize actions that yield higher-
than-expected returns, enabling more efficient policy updates.

The DRL agent’s state space is augmented with predicted
airplane positions and satellite conditions, as provided by the
transformer-based model. The state Sk,t at time t includes:

Sk,t =
(

PlanePosk,t, ˆPlanePosk,t+l, demk,t,SatPosn,t, congn,t
)
,

(13)
where ˆPlanePosk,t+l represents the predicted position at time
t + l. The DRL agent interacts with the environment and
observes rewards R(st, at) for its actions. The reward function
is designed to encourage high QoS while penalizing low-
elevation angles and unnecessary handovers. It is defined as:

R(st, at) = α · QoSk,n,t − β ·H(ak,t) (14)

where:
α is a scaling factor for the QoS.
β is a scaling factor for the handover penalty.
H(ak,t) is the handover indicator function:

H(ak,t) =

{
1, if ak,t ̸= 0 (handover occurs)
0, if ak,t = 0 (no handover)

(15)

The learning objective is to maximize the cumulative dis-
counted reward G, defined as:

G = E

[
T∑

t=0

γtR(st, at)

]
, (16)

where γ ∈ [0, 1] is the discount factor that determines the
importance of future rewards.

The A2C agent iteratively improves its performance using
the following steps:

(a) Policy Evaluation: The critic network estimates the
value Vϕ(st) for the current state st.

(b) Policy Improvement: The actor network updates its pol-
icy using gradients derived from the advantage function
A(st, at), which measures how much better (or worse)
an action is compared to the expected value:

θ ← θ + α∇θ log πθ(at | st)A(st, at), (17)

where α is the learning rate for the actor network.
(c) Value Update: The critic network parameters ϕ are

updated to minimize the error between the observed
return and the estimated state-value:

ϕ← ϕ+ β∇ϕ (R(st, at)− Vϕ(st))
2
, (18)

where β is the learning rate for the critic network.
The A2C framework is particularly advantageous for the

handover management problem because it efficiently han-
dles large and high-dimensional state spaces, such as those
augmented with predicted airplane positions. Moreover, it
provides stability in learning through the combination of policy
gradients (actor) and value-based updates (critic). By using



the advantage function to refine its decisions, the agent learns
proactive policies that minimize unnecessary handovers, avoid
satellite congestion, and maximize QoS. By incorporating
future state predictions from the transformer model, the DRL
agent can anticipate changes in airplane trajectories and satel-
lite availability, enabling forward-looking handover decisions.
This anticipatory capability ensures that the agent optimizes
resource utilization and enhances the reliability of satellite
communication systems for high-mobility platforms.

V. SIMULATION RESULTS

In this section, we first describe the simulation scenario, the
dataset used in our experiments, and the benchmark technique.

A. Experimental Setup

We evaluated our hybrid framework using a dataset of 8,441
instances with 256 features, including timestamps (10-second
intervals), satellite information (25 satellites with latitude, lon-
gitude, altitude, elevation, and congestion), airplane positions,
covering satellites, and plane demand. Satellite trajectories
were modeled using TLEs from CelesTrak for precise or-
bit propagation. Key parameters included a learning rate of
0.0001, batch size of 256, and normalized demand bounds
(dmin = 0.2, dmax = 0.5). The DRL agent is deployed at a
central entity, which collects data from satellites and airplanes,
predicts future positions, and computes optimal handover de-
cisions. Comparative baselines were a DQN [13] and random
policy, with an ablation study on prediction horizons (5 vs.
25) and RL models (A2C vs. actor-critic).

a) Demand Satisfaction Metrics:

Airplane average demand satisfaction (per episode):

Sk =
1

T

T∑
t=1

allock,n,t
demk,t

, if demk,t > 0; else 0 (19)

The satisfaction of an airplane k is the average proportion
of its demand met across T timesteps.
Episode average demand satisfaction:

S̄e =
1

M

M∑
k=1

Sk (20)

The satisfaction across all M airplanes during a single
episode.
Final average demand satisfaction (across all
episodes):

Final average demand satisfaction =
1

E

E∑
e=1

S̄e (21)

The average satisfaction across all E episodes for evalu-
ation.

B. Results

In Fig. 2a and Fig. 2b we present a comparative analysis
of the performance across different approaches, namely our
framework, the DQN approach, and the random approach. It
is important to note that, unlike our framework, neither the
DQN nor random approaches utilize a predictive model. This
distinction emphasizes the added capability of our framework
to anticipate future conditions. The comparative analysis of
handovers and total rewards across different approaches under-
scores the robustness and effectiveness of our framework rel-
ative to the DQN and random approach. In terms of handover
management, our framework demonstrates a significantly re-
duced frequency of satellite switches, reflecting its capability
to maintain stable satellite connections and minimize service
interruptions. The DQN approach, while offering some level
of optimization, results in a moderate number of handovers,
whereas the random approach, lacking a structured policy,
exhibits the highest frequency of satellite transitions. This
stability advantage is further validated by the total reward
outcomes, where our framework achieves consistently higher
cumulative rewards across episodes, indicating its success in
optimizing key objectives such as QoS and resource efficiency.
The DQN approach earns moderate rewards, reflecting partial
optimization, while the random approach accrues the low-
est rewards, underscoring its inefficacy in strategic decision-
making. In addition, Fig. 2c highlights the superior perfor-
mance of our framework in achieving higher average demand
satisfaction compared to the DQN and random approaches.

Consequently, the predictive capabilities of our hybrid
framework yield a more balanced and strategic satellite selec-
tion process, achieving substantially higher rewards and fewer
handovers compared to the DQN and random approaches, both
of which lack the benefit of predicting in their decisions.

C. Ablation study

In Fig. 3 we present an ablation study to assess the impact of
modifying the prediction horizon with our transformer model
as well as changing the RL model within our framework.
Specifically, we explore two adjustments: changing the pre-
diction horizon from 5 to 25 steps and switching the RL
model from A2C to an actor-critic model while retaining the
predictive component across all configurations. It can be seen
that the A2C model with a 25-step horizon demonstrates an
improvement in the reward compared to the 5-step horizon.
This suggests that the longer prediction horizon enables more
stable decision-making, effectively balancing satellite selection
over a longer time frame. Despite the added complexity, the
25-step horizon appears to improve the model’s ability to
anticipate changes in satellite availability and reduce unnec-
essary handovers. The actor-critic model with a 5-step hori-
zon, despite matching the shorter horizon of our framework,
achieves a lower reward. This difference underscores that
A2C’s synchronous policy and value updates more effectively
capture the optimal policy, whereas the actor-critic approach,
with its separate updates, yields suboptimal results in dy-
namic scenarios. Furthermore, in terms of convergence speed,
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handovers.

our framework with A2C achieves the fastest convergence
to optimal performance, highlighting the efficiency of A2C
in learning and executing policies suited to this dynamic
environment.

D. Training time and energy consumption
Table I highlights the energy consumption and training time

across models. It can be seen that with a larger prediction
horizon (25), the model converges more quickly, resulting
in slightly lower training time (12,404 seconds) and energy
consumption (0.169 Wh) compared to a horizon of 5. How-
ever, while the simple actor-critic model is more efficient in
terms of energy and training time, it does not outperform our
framework in terms of key performance metrics such as reward
and handover optimization.

TABLE I: Energy consumption and training time.
Metric Energy cost (Wh) Training time (s)

Actor-Critic model 0.161 11796

Our framework (Horizon 5) 0.177 12981

Our framework (Horizon 25) 0.169 12404

VI. CONCLUSIONS

This work tackled the problem of optimizing handovers in
NTN for high-mobility platforms, introducing a hybrid model-
aided learning framework for NTN handover for high-mobility
platforms. Our framework combines predictive modeling with
RL strategies to enable real-time, adaptive decision-making in
satellite handover management. Experimental results demon-
strate that our framework outperforms other variants in terms
of reward, handover stability, and convergence speed. Thus
it offers a scalable foundation for future NTN advancements,
especially in high mobility environments.
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