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Abstract—1In low earth orbit (LEO) non-terrestrial networks
(NTN), the high orbital speed of satellites and their limited
visibility time over a given user can lead to frequent hando-
vers, increasing signaling overhead, handover failures, outage
probability, and service instability. This makes satellite selection
a relevant problem for NTN mobility management, especially in
dense mega-constellation scenarios. To address this problem, this
paper presents a reinforcement learning-based agent for satellite
selection in LEO NTN systems. This work uses CAVIAR with ns-3
NTN channel simulation to generate datasets for handover stu-
dies. With that, a deep Q-learning (DQN) agent is trained to select
serving satellites while considering spectral efficiency, handover
attempts, handover failures, outages, and satellite load. Results
show that the DQN agent reduces handover failures without great
loss of spectral efficiency performance, indicating the potential
of reinforcement learning for NTN handover management.

Keywords— Reinforcement learning, non-terrestrial networks,
handover

I. INTRODUCTION

Non-terrestrial networks (NTN) have been considered an
important component of future wireless systems due to their
ability to extend connectivity beyond the coverage of terrestrial
infrastructure. By relying on satellite, aerial, or high-altitude
platforms, NTNs can support service continuity in remote
areas, maritime and aeronautical scenarios, disaster recovery
situations, and regions where the deployment of dense ter-
restrial networks is economically or technically challenging.
These characteristics make NTNs relevant for the evolution
of 5G and beyond systems, where ubiquitous and resilient
connectivity is a key requirement [1].

Among the different NTN architectures, low Earth orbit
(LEO) satellite networks have received significant attention
due to their relatively low launch cost compared to geostati-
onary ones [2]. In particular, the deployment of large-scale
satellite constellations, such as Starlink and OneWeb, has
shown the practical relevance of mega-constellation systems
for broadband access and global coverage. Recent surveys on
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satellite constellations report a rapid increase in the number of
planned and deployed LEO satellites, reinforcing the impor-
tance of studying the technical and economic sustainability
of these systems [3]. However, the use of LEO satellites
also introduces important mobility-related challenges. Since
these satellites move at high orbital speeds and remain visible
to a given user equipment (UE) for a limited time interval,
the serving satellite may need to be changed frequently. As
a consequence, LEO-based NTN systems are expected to
experience a higher number of handovers than conventional
terrestrial networks.

Frequent handovers can degrade network performance by
increasing signaling overhead, service interruption time, and
the probability of handover failure. These issues are especially
relevant in dense LEO mega-constellations, where multiple
satellites may be visible, and the best serving satellite can
change rapidly due to orbital motion and propagation conditi-
ons. As a result, intelligent handover management has become
an active research topic in NTN systems. Recent studies have
explored both analyzes to implement handover triggers [4]
and reinforcement learning (RL) mechanisms for selecting
or anticipating the most suitable target satellite. However,
some learning formulations rely on rich observation spaces
or structured network-side information [5], do not consider
the impacts of spectral efficiency [6], or do not have a robust
reward function implementation [7].

In this context, we propose a DQN agent for satellite selec-
tion and handover management. For this, we use a framework
that integrates satellite mobility generation, user mobility, and
network-level simulation outputs, enabling the construction of
datasets that describe the interaction between UEs and LEO
satellites over time. Using this framework, we study an RL
agent that selects the serving satellite based on observations
derived from the simulated NTN environment. The objective
is not only to evaluate the feasibility of RL-based handover
decisions but also to provide a reproducible simulation pipeline
for analyzing NTN mobility management under controlled yet
realistic LEO constellation conditions.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a LEO NTN scenario composed of a set
of satellites and terrestrial UEs. Let S = {s1,52,...,85}
denotes the set of S satellites in the constellation, and U =
{u1,ug,...,uy} denotes the set of U UEs. At each simulation
timestamp ¢, each satellite s € S has a position vector p;(t),
while each UE u € U has a position vector p,(t). The
distance between UE u and satellite s at time ? is given
by dus(t) = |ps(t) — pu(t)||. For each UE, a subset of
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Fig. 1. System Model.

candidate satellites is selected from the full constellation. Let
C.(t) C S denote the candidate set available to UE « at time
t, with |C,(t)] = N being a maximum number of candidate
satellites. The handover decision consists of selecting one
serving satellite a,,(t) € Cy(t) for each UE at each decision
instant.

The wireless channel between a UE and a satellite is
characterized by the NTN path loss model, following the
assumptions of 3GPP TR 38.811 [8] given by the equation (1).
It considers both free-space path loss and additional propaga-
tion effects, such as shadow fading (PLsfr), outdoor-to-indoor
penetration loss (PLgy;), atmospheric absorption (PLaa), rain
and cloud attenuation (PLun, PL¢jouq), scintillation (PLggjne),
and fast fading (PLg,) given by the scenario models adopted
by 3GPP [8] .

PLEEN(du,s(t)a fe) = PLgs + PLgg + PLog;
+ PLaa + PLpin + PLejoid (1)
+ PLgcine + PLgagts
where, for a UE—satellite link, the free-space path loss com-
ponent can be written as

PLgs(du,s, fe) = 32.45 + 201og; o (fe) + 2010g1(du,s); (2)

where PLgg is given in dB, f. is the carrier frequency in MHz,
and d,, s is the UE—satellite distance in km.

Given the path loss, the received power associated with the
link between UE u and satellite s is computed as

P (t) = PX + GY + Gy — PLYTN (1), 3)

where P is the satellite transmit power in dBm, G is the
satellite antenna gain, and G is the UE antenna gain. The

corresponding SNR is given by

SNRY (1) = PiL(t) = Proise, @)
where the noise power is
Proise = —174 + 101og;¢(B) + NF, (5)

with B denoting the system bandwidth in Hz and NF the
receiver noise figure in dB. The spectral efficiency (SE) of
the UE—satellite link is given by

Tu,s(t) = logy (1 + SNRY (1)) (6)

where 7, s(¢) is given in bit/s/Hz and SNRE‘S (t) is the linear-
scale SNR.

The main objective of the handover decision process is to
maintain good link quality over time while avoiding unstable
or inefficient associations. In LEO NTN systems, this problem
is challenging because the relative motion between UEs and
satellites causes rapid variations in distance, elevation angle,
visibility, and channel quality. As a result, the satellite pro-
viding the best spectral efficiency at a given instant may no
longer be the best option in the next time step.

However, frequent handovers are undesirable because they
increase signaling overhead, consume control-plane resources,
and may introduce service interruptions. In addition, a hando-
ver attempt may fail when the selected target satellite is unable
to serve the UE. In this work, a handover failure (HOF) occurs
when the selected action is invalid, when the target satellite
exceeds its maximum serving capacity. An outage occurs when
the UE has no serving satellite or when the spectral efficiency
of the selected link is lower equal to zero. Therefore, the
handover policy must consider not only the instantaneous link
quality but also the stability and feasibility of the selected
association.

Let a,(t) denote the satellite selected to serve UE wu at
time ¢, and let a, (¢ — 1) denote its previous serving satellite.
The handover indicator h,(t) is equal to 1 if a,(t) # a.(t —
1). Similarly, let ¢, (t) and o,(t) correspond to the handover
failure indicator and outage indicator, respectively. ¢,,(t) =1
when there is a HOF given a attempt to attach the UE to a
full satellite or when the satellite is not visible at the next
simulation step, 0,,(t) = 1 when there is no satellite for a UE
or its SE is equal to 0.

Then, the problem can be formulated as the search for a sa-
tellite selection policy that maximizes the accumulated spectral
efficiency while minimizing handovers, handover failures, and
outages. For a time horizon T, the optimization objective can
be written as

T
max >3 [ (t) — Anoha(?)

t=1 ueu (N
- AHOF¢u (t) - Aoutou (t) 3
subject to
ay(t) € Cu(t), Yuel, Vi, (8)
and
> au(t)=s} < C,, VseS, W, )
ueU

where 7 is the satellite selection policy, Ago, Auor, and
Aout are penalty coefficients, and C is the maximum number
of UEs that satellite s can serve simultaneously. The first
constraint ensures that each UE can only select a satellite from
its candidate set, while the second constraint limits the number
of UEs associated with each satellite.

This formulation captures the trade-off addressed in this
work. Maximizing only the instantaneous spectral effici-
ency may lead to excessive handovers and higher signaling
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overhead, while minimizing handovers alone may keep UEs
connected to poor or unavailable links. The objective is
therefore to learn a policy that performs handovers only when
they are beneficial, feasible, and unlikely to result in HOF or
outage.

III. REINFORCEMENT LEARNING METHODOLOGY
A. RL-Based Satellite Selection Environment

Based on the system model and optimization objective
defined in the previous section, the satellite selection task is
mapped into a reinforcement learning problem. The environ-
ment is constructed from the dataset generated by the proposed
problem formulation and is modeled as a sequential decision
process in which the agent selects the serving satellite for
one UE at each decision step. Therefore, the agent interacts
with an offline environment rather than directly controlling the
network simulator during training.

Let k£ denote the environment decision step. Each step
k is associated with a pair (uy,7), where up € U is the
UE being evaluated and 7 is the corresponding index of
the simulation timestamp. Since each simulation timestamp
contains information for multiple UEs, the environment step
does not necessarily coincide with the simulation time index.
Instead, the relation between times is given by k = |U|7 + uy,
where the environment iterates over the UEs available at a
given simulation timestamp before advancing to the next one.

For each UE wu, the environment provides a candidate set

Cuy, (k) = {ar1,ak,2, ..

This set is obtained by analyzing both distance between the UE
and the satellites, dy, ., ,(k), and the variation of this distance,
Ady,, ., ,(k), using the equation Score = —widy, ¢, ,(t) +
woAdy, ¢, (t). In this work, both w; and ws are equal to 1.
After computing the score for each satellite, the [V best ones
will be selected to create the candidates set.

After that, the observation at step k is represented as a
matrix

kN (10)

o € RNXF7

Y

where each row contains the features associated with one
candidate satellite. For candidate satellite cy ;, the feature
vector is defined as

Xk,i £ [dukﬂlk,i (k)’ Adulwak,i (k)7 N ,ak,: (k)’
buk,ak,i(k)7 pak,i(k)L

where 7y, q, (k) is the estimated spectral efficiency,
buy.ay,.; (k) is a binary association indicator that equals 1 when

the satellite ay,; is serving the UE uy, and py, , (k) is the load

ap.; (K
ratio of the serving satellite, given by p,, (k) = L’“’?l(),

where L,, , (k) is the number of UEs associated with satellite
ay,; and C is its maximum capacity.

The action i € {0, ..., N—1} corresponds to selecting the -
th satellite in the candidate set C,,, (k). Therefore, the selected
satellite is given by s;, = ¢y q, . If the selected satellite differs
from the current serving satellite, the action is interpreted as
a handover attempt.

12)

In this environment, handover execution delay is not ex-
plicitly modeled. Thus, if the handover is valid and does not
violate the satellite capacity constraint, the new association is
assumed to be available in the next decision involving the same
UE. If the selected candidate is invalid or the target satellite
exceeds its maximum capacity, the handover is considered
unsuccessful, and the UE remains associated with its previous
serving satellite.

The reward is defined to be consistent with the optimization
objective introduced in the problem formulation. It combines
the spectral efficiency obtained after the decision with penal-
ties associated with handover attempts, handover failures, and
outage. Let 77 denote the next simulation timestamp for UE
uy, and let 5 be the satellite effectively serving the UE after
applying the action. The immediate reward is

Th =y 5 (T7) — Aol

(13)
— MOF Pk — Aout Ok

where « is the spectral efficiency scaling factor that was
considered equal to 1, ¢ is the handover failure indicator,
oy is the outage indicator.

This RL formulation allows the agent to learn a policy that
maps the observation of a UE and its candidate satellites into
a satellite selection action. Differently from a purely greedy
policy based only on instantaneous spectral efficiency, the
learned policy is trained to account for future consequences
of the association decision, including handover costs, failed
handovers, and outage events.

B. Deep Q-learning

The Deep Q-Network (DQN) algorithm extends Q-learning
by approximating the action-value function for a given pair
of state and action observed with a deep neural network [9],
enabling learning in problems with large state spaces and
discrete action spaces. At each time step, the agent selects
an action, commonly using an e-greedy policy, observes the
environment transition, and stores it in an experience replay
buffer. During training, mini-batches are sampled from this
buffer to reduce correlations between consecutive experiences.

To improve training stability, DQN uses a target network
with parameters 6, updated separately from the main network
with parameters 6. This reduces instability caused by the
combination of function approximation, bootstrapping, and
off-policy learning. The network is trained by minimizing the
mean squared temporal-difference error expressed as

2
£00) = By | (74 QU '507) ~ Qlsi0))

(14)
where ~ is the discount factor and (s, a,r,s’) is a transition
sampled from the replay buffer.

IV. EXPERIMENTAL SETUP

The experiments were designed to evaluate the propo-
sed RL-based satellite selection environment under a LEO
NTN scenario using the out-loop model of CAVIAR [10],
in which external simulators and data-generation modules are
coordinated through message exchange. In this approach, the
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machine learning model is not directly embedded inside the
network simulator. Instead, the simulator is used to generate
observations, measurements, and performance indicators that
are later consumed by the learning environment.

The simulated scenario considers 20 UEs randomly distri-
buted over an area of 20,000 km?. The UE mobility model
was configured so that users move from left to right across
the simulation area. For the satellite segment, a Starlink-based
constellation with 1600 LEO satellites was adopted. At each
simulation timestamp, the framework evaluates the satellite
positions and selects 5 candidate satellites for each UE.

The communication parameters were selected based on the
configuration adopted in [7]. The satellite downlink carrier
frequency was set to 30 GHz, with a bandwidth of 250 MHz.
The transmit power was defined through a power spectral
density of —4 dBW/Hz, and the antenna gain was set to
15.9 dBi. A dataset containing 610,000 samples was generated
and temporally divided into 600,000 training samples and
10,000 test samples collected two hours later, ensuring that
the DQN was evaluated on previously unseen network states.
Table I summarizes the main dataset and scenario parameters.

TABLE 1
SCENARIO PARAMETERS.

Parameter Value
Carrier frequency 30 GHz
Bandwidth 250 MHz
Power spectral density —4 dBW/Hz
Satellite antenna gain 15.9 dBi
Channel model NTN-urban

Number of UEs 20
Simulation area 20,000 km?
UE mobility direction Left to right
Satellite constellation Starlink-based
Number of satellites 1600
Candidate satellites per UE 5

Satellite Capability 8 UEs
Total Simulation Time 10 minutes
Handover Penalty 0.1
HOF Penalty 2.0
Outage Penalty 1.0

600,000 samples
10,000 samples

Training dataset size
Test dataset size

The DQN agent was compared with two baseline strategies.
The first baseline, referred to as the Best Spectral Efficiency
(BSE) baseline, always selects the candidate satellite with
the highest future spectral efficiency. This strategy maximizes
the immediate link quality but does not consider the cost
or frequency of handovers. The second baseline, referred
to as the No-Handover (Holder) baseline, avoids handovers
whenever possible. In this case, the UE remains connected to
the current serving satellite and only changes its association
when there is no feasible alternative. These two baselines
represent opposite behaviors: one prioritizes instantaneous link
performance, while the other prioritizes connection stability.

The RL agent was trained using the DQN algorithm. The
policy was implemented as a multilayer perceptron with two
hidden layers of 128 neurons each. The agent was trained
for 10,000,000 environment steps. The main hyperparameters
used during training are shown in Table II.

Overall, the experiment evaluates whether the DQN agent

TABLE I
DQN TRAINING PARAMETERS.

Parameter Value
Policy MLP
Hidden layers [128,128]
Learning rate 104
Replay buffer size 100,000
Learning starts 2,000 steps

Batch size 64
Discount factor ~y 0.98
Training frequency Every 4 steps
Gradient steps 1
Target update interval 1,000 steps
Exploration initial e 1.0

Exploration final e 0.05
Exploration fraction 0.25
Total training steps 10,000,000

can learn a satellite selection policy that balances spectral
efficiency, handover reduction, outage avoidance, and load
awareness. While the BSE baseline provides an upper refe-
rence for instantaneous link quality, it may lead to excessive
handovers. Conversely, the Holder baseline reduces handover
frequency but may remain connected to degraded links.

V. RESULTS

This section presents the evaluation of the trained DQN
agent in comparison with the BSE and Holder baseline
methods. The DQN agent was evaluated using the test dataset
and reward formulation described in the previous sections.
Table III summarizes the main evaluation metrics. The BSE
policy produces the largest number of handovers, with 1400
handovers, since it frequently changes the serving satellite to
follow the best instantaneous link. The Hold policy produces
the lowest number of handovers, with 675, as expected from its
conservative behavior. The DQN agent presents an intermedi-
ate value, with 818 handovers, indicating that it does not avoid
handovers completely but performs them more selectively than
the BSE baseline.

TABLE III
SUMMARY OF THE EVALUATION RESULTS FOR THE TESTED POLICIES.

Policy Mean SE Handovers HOF Rate  Outage Rate
DQN 0.38 818 0.05 0.61
Holder 0.40 675 0.18 0.63
BSE 0.50 1400 0.21 0.51

The most relevant improvement observed with the DQN
agent is in the handover failure rate. The DQN agent achieves
the lowest HOF rate, equal to 0.05, while the Holder and BSE
policies obtain 0.18 and 0.21, respectively. This result shows
that the learned policy is more effective in avoiding invalid or
unsuccessful associations. Although the DQN agent performs
more handovers than the Holder policy, these handovers are
more reliable, resulting in a significantly lower HOF rate.

Figure 2 shows the accumulated mean spectral efficiency
during the evaluation. The three policies present similar beha-
vior. The mean spectral efficiency increases during the initial
part of the evaluation and then gradually decreases, stabilizing
close to 0.4 bps/Hz near the end of the test. The BSE policy
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obtains a slightly higher final mean spectral efficiency, while
DQN remains close to both baselines. This indicates that
the DQN agent does not maximize spectral efficiency alone;
instead, it sacrifices part of the instantaneous link performance
to reduce handover failures and improve the overall reward.
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Fig. 2. Accumulated mean spectral efficiency during the evaluation.

The cumulative reward is shown in Figure 3. The DQN
agent achieves the best cumulative reward among the evalua-
ted methods, remaining consistently above the two baselines
throughout most of the evaluation. The BSE policy obtains
the worst cumulative reward, mainly due to its high number
of handovers and the highest HOF rate. The Holder policy
performs better than BSE, but still accumulates a lower reward
than DQN. This behavior is consistent with the proposed
reward function, which does not depend only on spectral
efficiency, but also penalizes handover attempts, handover
failures and outages.
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Fig. 3. Cumulative reward during the evaluation.

Overall, the results indicate that the DQN agent learns a
more balanced satellite selection policy. It does not behave
as aggressively as the BSE policy, which leads to excessive
handovers, nor as conservatively as the Holder policy. Instead,
the agent performs handovers selectively, achieving the lowest
HOF rate and the highest cumulative reward while maintaining
spectral efficiency close to the baseline policies.

It is also important to note that the spectral efficiency values
observed in this work are lower than those reported in [7]. A
possible explanation is the propagation scenario adopted in the
simulations. While [7] considers a rural NTN scenario, this
work adopts an urban NTN channel model, which is expected
to introduce more NLOS conditions, stronger shadowing, and

additional propagation losses. These effects can reduce the
received signal quality and, consequently, the resulting spectral
efficiency.

VI. CONCLUSION

This paper presents an RL problem formulation that evalua-
tes LEO NTN scenarios for learning-based satellite selection.
Using the proposed environment model, a DQN agent was
evaluated for this problem and compared with two other
baseline policies. The results show that the DQN was able to
balance spectral efficiency, handover stability, and handover
failure reduction. Compared with the baseline policies, the
one provided by the DQN agent achieved the lowest handover
failure rate and the highest cumulative reward, indicating that
reinforcement learning can be a promising approach for NTN
handover management.

Future work includes extending the framework to con-
sider handover execution delays, more detailed traffic mo-
dels, different NTN scenarios, additional reinforcement le-
arning algorithms, and varying the reward penalty parame-
ters. The integration of more realistic signaling procedu-
res and online interaction between the learning agent and
the network simulator may also provide a more complete
evaluation of RL-based handover strategies in LEO satellite
networks. The dataset created and the agent training code will
be available at https://github.com/CaioBBrasil/
R1HandoverNtn—-SBRT2026.
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