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Abstract— The high rotation speeds and mega-constellations
of low earth orbit satellites (LEO SATs) cause the inter-satellite
frequent handovers (HOs) problem which can lead to substantial
performance degradation. This letter proposes a novel distributed
multi-agent deep Q-network based SAT HO strategy for the LEO
SAT networks to simultaneously minimize the number of HOs
and maximize the throughputs and the visible times of UEs while
satisfying the quality-of-service (QoS) constraints of all UEs.
The proposed HO scheme allows UEs to independently and
simultaneously perform the HO decision makings based on their
own local information, which enables to immediately adapt to the
dynamic changes of the LEO SAT network environments. The
numerical results demonstrated that our proposed HO strategy
achieves the lowest average HO rate and the highest achievable
throughputs compared to other conventional HO strategies, while
ensuring a higher QoS guarantee time ratio.

Index Terms— Low earth orbit satellites, handover strategy,
multi-agent deep reinforcement learning.

I. INTRODUCTION

THE low earth orbit (LEO) satellite (SAT) networks have
recently garnered significant interests in providing ubiqui-

tous connectivity with global coverage and seamless switching.
The LEO SATs are able to provide several advantages such
as low propagation delay and low energy consumption, but
their high orbit rotation speed inevitably results in frequent
inter-satellite handovers (HOs) during the service duration
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of terrestrial user equipments (UEs) [1]. Such unnecessary
frequent HO has been known to cause many problems such
as throughput reduction, increased signaling overhead, and
communication interruption, so careful design of the HO
strategy is crucial for LEO SAT networks.

Recently, various HO strategies with different criteria and
constraints have been proposed for LEO SATs networks [2],
[3], [4], [5]. A network-flows graph based HO strategy for
LEO SAT networks was proposed in [2], where the match-
ing between the SATs and the user terminals (UTs) was
determined by minimizing the product of costs and flows of
the graph under the limited capacity and maximal flow of
edges. The multiple forecast-based HO procedures to reduce
HO delay and signaling cost for the multi-layer LEO SAT
systems were proposed in [3], where the utility function-based
HO optimization to reduce the dropping probability and
increase the throughput was addressed. Wu et al. proposed the
bipartite graph framework for the SAT HO and the potential
game-based HO algorithm to maximize the benefits of mobile
terminals in the LEO SAT networks [4]. The group HO strat-
egy for massive UTs was proposed in LEO SAT networks [5].
However, the proposed HO strategies in [2], [3], [4], and [5]
were designed in a centralized way, which requires the central
controller and the global information, thus inevitably resulting
in significant signaling overhead in dense LEO SAT networks.

There have also been some trials to relax such a limit of the
centralized scheme, but only a few decentralized HO schemes
have been proposed in LEO SAT networks so far [6], [7].
The multi-agent reinforcement learning (MARL) based LEO
SAT HO strategy to minimize the average number of HOs
while satisfying the load constraint of each SAT was proposed
in [6], but it required each user to have access to all the
action information of other users. Thus, it posed challenges
for users to dynamically adapt to real-time changes in the
environment. The distributed LEO SAT HO scheme based on
successive deep Q-learning (SDQL) algorithm was proposed
in [7], enabling each user to perform the SAT HO when HO
triggered, based on the local information while considering
HO delay, HO failure, quality-of-service (QoS) of users, and
inter-SAT traffic balancing. However, it cannot successfully
guarantee real-time responsiveness in multi-user environments
because each user sequentially inputs all sub-states for its
visible SATs into a fully connected Q-network and then
sequentially takes an action based on all resulting output
Q-values. It also did not consider the number of HOs even
though it is an important aspect for the HO design.

To effectively adapt to the highly dynamic environments
of LEO SATs networks, the HO decision should be made
in real-time, independently, and simultaneously, rather than
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Fig. 1. System model with the proposed MADQN-based HO strategy.

sequentially, based on the local information. Thus, we propose
a novel distributed satellite HO strategy based on multi-agent
deep Q-network (MADQN) for LEO SAT networks. The
contributions of this letter are summarized as follows.
• The proposed HO scheme enables UEs to indepen-

dently and simultaneously make HO decisions based on
their own local information to immediately adapt to the
dynamic changes of the LEO SAT network environments.
To this end, we formulate the multi-objective optimization
problem to simultaneously minimize the number of HOs
and maximize the throughputs and visible times of UEs,
while satisfying the QoS constraints of all UEs.

• We transform it into a multi-agent deep reinforcement
learning (MADRL) optimization problem and then pro-
pose the distributed HO algorithm based on MADQN,
which considers the diverse characteristics of SAT net-
works such as the coverage of visible SATs, the visible
time of SATs, the fading channels, the network interfer-
ences, and the load of SATs.

• Our numerical results demonstrate that the proposed
HO strategy achieves the lowest average HO rate and
the highest achievable throughputs compared to other
conventional HO strategies, while ensuring a higher QoS
guarantee time ratio.

II. NETWORK MODEL AND PROBLEM FORMULATION

A. Network Model

We consider the SAT HO decision-making problem during
consecutive T time slots in LEO SAT networks, where total
N LEO SATs orbiting over the pre-cofigured M orbital planes
serve K UEs uniformly located on the ground with a finite
area A of interest. We assume that each UE is within the
coverage of at least one SAT during every time slot due to
the sufficiently large coverage area of each LEO SAT. The
considered scenario is illustrated in Fig. 1. Let us denote the
sets of indices of N SATs, K UEs, and M orbital planes
as N ≜ {1, 2, 3, . . . , N}, K ≜ {1, 2, 3, . . . ,K}, and M ≜
{1, 2, · · · , M}, respectively. We denote the number of SATs
orbiting on the orbital plane m as Nm, then

∑M
m=1 Nm = N

holds. The coverage area of each LEO SAT is assumed as
a circle and each SAT is located above the center of its
coverage area. All SATs are continuously orbiting along the
pre-configured trajectories of orbital planes with the same
orbital period. Accordingly, the footprints of all SATs on the
Earth also move along with the satellite trajectory. Note that

the coverage area of each SAT can be partially overlapped
according to the position of the SATs in different orbital
planes.

Let us denote the indices set of the time slots as T ≜
{1, · · · , T}. The channels experience quasi-static fading dur-
ing one time slot but vary from one time slot to another. The
system bandwidth of each SAT is W . We assume that the UEs
randomly move around within a finite area A at every time slot
based on the random walk model [8]. Each UE is aware of its
current position by using the global positioning system (GPS)
and learns all covering SATs due to the predictable motion
of LEO SATs [1]. Owing to high mobility of LEO SATs and
random movement of UEs, the available SATs for each UE
dynamically vary at every time slot. Thus, UEs are required
to decide whether to be handed over to another visible SAT or
not at every time slot. The bandwidth of each SAT is equally
and orthogonally shared among all connected UEs.

B. Handover Decision Making Problem

The coverage indicator between SAT n (∈ N ) and UE k
(∈ K) at time slot t is denoted by ct

k,n, which is defined as 1
if UE k is within the coverage of SAT n at time slot t, and
0 otherwise. Thus, the set of SATs covering UE k at time
slot t is denoted by Ct

k = {n | ct
k,n = 1, n ∈ N}.

The connection between UE k and SAT n at time slot t is
denoted by the indicator variable xt

k,n, which is defined as 1 if
UE k is connected to SAT n, and 0 otherwise. Then, the load
of SAT n at time slot t can be expressed as ltn =

∑
∀k∈K xt

k,n.
The UE k is able to obtain local information on the number of
loads to the only covering SATs, i.e., ∀n ∈ Ct

k. Let us denote
the connection between UE k and all SATs at time slot t as
xt

k ≜ [xt
k,1, · · · , xt

k,N ]. Since UE k is allowed to be connected
to only one SAT at each time slot, the HO of UE k occurs
when xt

k ̸= xt+1
k . We define the HO cost of UE k at time

slot t as

φt
k =

{
ξ, if the HO occurs (xt

k ̸= xt+1
k ),

0, otherwise,
(1)

where ξ is the positive value. The channel between UE k
and SAT n at time slot t is modeled as ht

k,n =(
c

4πft
ddt

k,n

)√
GnGkΨt

k,n, where c is the speed of light, f t
d =

vtt
c f t

c is the Doppler effect with carrier frequency f t
c and

relative velocity vt between SAT n and UE k, Gn and Gk

are antenna gains of SAT n and UE k respectively, dt
k,n is

the distance between SAT n and UE k, and Ψt
k,n represents

the shadowed-Rice fading which incorporates both large-scale
fading (due to shadowing) and small-scale fading (caused by
multipath). Once UE k is connected to SAT n at time slot t,
i.e., xt

k,n = 1, then the achievable throughput of UE k can be
expressed as

Rt
k,n =

W

ltn
log

(
1 +

P |ht
k,n|2∑

j∈It
k,n

P |ht
k,j |2 + W

ltn
N0

)
, (2)

where P is the transmit power of SAT, N0 is the noise power
spectral density. It

k,n = {j | j ∈ Ct
k\n, ltj ≥ 1} represents the

set of interfering SATs of UE k when UE k is associated with
SAT n ∈ Ct

k. We assume that each UE requires the throughput
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requirement Rt
k,n ≥ Rth

k to satisfy the target QoS. Note that
load balancing and interference control are required to satisfy
the throughput requirements.

Let us denote the remaining coverage time (i.e., visible
time) of SAT n at UE k at time slot t as vt

k,n. Then, the
aim of this letter is to simultaneously minimize the HO cost
and maximize both the throughput and the visible time under
the constraint for QoS of each UE during T times slots, which
can be formulated as

P : min
{xt

k,n}

T∑
t=1

∑
∀k∈K

φt
k−

∑
n∈Ct

k

xt
k,n

(
ωvvt

k,n+ωRRt
k,n

)
,

(3)
s. t. xt

k,n ∈ {0, 1}, ∀n ∈ Ct
k, (4)∑

n∈Ct
k

xt
k,n = 1, ∀k ∈ K, (5)

∑
n∈Ct

k

xt
k,nRt

k,n ≥ Rth
k , ∀k ∈ K, (6)

where ωv and ωR represent the scaling factors correspond-
ing to the importance for the remaining visible time and
throughput. The constraints (4) and (5) imply that each UE
is associated with only one SAT in its coverage area for
every time slot. Note that Ct

k dynamically varies for each time
slot due to the high rotation speed of the SATs and random
mobility of UEs. Note that the above optimization problem is
a combinatorial NP-hard integer optimization problem.

III. PROPOSED MULTI-AGENT DEEP Q-NETWORK BASED
HANDOVER SCHEME FOR LEO SATELLITE NETWORKS

In our optimization problem (3), the number of possible
combinations is, (NK)T , and as T and K, the number of
combinations grows exponentially. Therefore, it is necessary
to transform this problem into a distributed approach. The
MADRL presents a promising distributed method to effec-
tively address such complex problems [11]. Therefore, in the
following subsection, we reformulate optimization problem (3)
into the MADRL framework.

A. Multi-Agent Deep Reinforcement Learning Framework
To address the optimization problem (3) based on MADRL,

it is essential to convert the optimization problem into the
decentralized partially observable Markov decision process
(Dec-POMDP) framework. The Dec-POMDP consists of
7-tuple < S,A,P,R,Z,O,K >: S represents the set of
states, A represents the set of actions, P(s′|s, a) : S × A ×
S → [0, 1] [10] represents the set of the conditional transition
probabilities between states, R : S × A → R represents the
reward function, Z represents set of the locally observations,
O(s, a) : S×A → Z represents set of conditional observation
probabilities, and K is the number of agents. The optimiza-
tion problem (3) can be transformed into the Dec-POMDP
framework as follows.

1) Agent: Each UE k ∈ K is an agent and all UEs interact
with each other and the environment.

2) State: At each time slot t, the UEs engage in interaction
with the environments, resulting in the update of its state.

In the following, we simply refer to the observation state
as the state for brevity. The state of UE k is defined as1

st
k =<Ct

k,Vt
k, ht

k,n, ltn>,∀n∈Ct
k. Vt

k = {vt
k,1, v

t
k,2, · · · , vt

k,N}
is the set of remaining coverage times (i.e., visible times) of
all SATs for each UE k at time slot t. Note that the state
consists of current and local information.

3) Action: The action of UE k in time slot t is denoted by
at

k = n for ∀n ∈ Ct
k. That is, UE k selects SAT n among the

covering SATs at each time slot t.
4) Reward: The reward rt

k of UE k at time slot t is defined
as follows:

rt
k =


−ζ, if Rt

k,at
k
<Rth

k ,

−φt
k, if at−1

k ̸=at
k, Rt

k,at
k
≥Rth

k ,

ωvvt
k,at

k
+ωRRt

k,at
k
, otherwise,

(7)

where −ζ represents the penalty for the outage event that
the QoS of UE k fails to meet its target QoS Rth

k , which is
regardless of HO occurrence. −φt

k represents the penalty for
the event of HO success, i.e., HO occurs and QoS requirement
of UE k is satisfied.

B. Proposed Multi-Agent Deep Q-Network Algorithm
In this subsection, we propose a MADQN algorithm to find

the optimal action-value function Qk∗(s, a) or the optimal
policy π∗k. The DQN is a multi-layered neural network to
approximate the optimal action-value function Qk(s, a; θk) ≈
Qk∗(s, a), where θk represents the weight of the neural
networks. The action ak is obtained according to the ϵ-greedy
policy. The transition tuples (st

k, at
k, rt

k, st+1
k ) are stored in

the replay memory D that can randomize over the data
and removing correlations between the samples. The DQN
improves the stability of learning by using a target network
model Qk(s, a; θ−k ) with weight θ−k , which involves peri-
odically updating the main network’s weights θk to update
the target network. The loss function for DQN is given
by L(θ) = E[(yk − Qk(sk, ak|θk))2], where yk = rt

k +
α maxat+1

k
Qk(st+1

k , at+1
k |θ−k ) is the target value.

We utilize MADQN because it is compatible with our
scenario that each UE independently utilizes local information
and its decentralized training with decentralized execution
structure of MADQN is well-suited for solving our problem
effectively. In MADQN, each agent possesses an individual
neural network that adheres to the structure of the DQN
previously described, which is depicted in Fig. 1. Note that
all agents are updated concurrently by interacting with each
other through the environment, which ensures real-time per-
formance. The pseudo code for MADQN is described in the
Algorithm 1.

C. Analysis of the Proposed Method
1) Complexity: Let H,Nh, Is, and Io denote the number of

training layers (input, hidden, and output layers), the number

1In satellite communications, unlike terrestrial communications, the long
communication distance results in significant delay, which makes channel
estimation a critical issue. In this letter, we assume that channel prediction
can be successfully performed via Transformer-based method [9]. The state
has a fixed-sized 4 × N matrix form and the informations about SATs not
within the coverage of the UE are set to -1. The channel and load informations
are obtained through the broadcasts of SATs.

Authorized licensed use limited to: AJOU UNIVERSITY. Downloaded on May 09,2025 at 20:25:35 UTC from IEEE Xplore.  Restrictions apply. 



1120 IEEE COMMUNICATIONS LETTERS, VOL. 29, NO. 5, MAY 2025

Algorithm 1 MADQN for HO Algorithm
Initization:

1 Initialize parameters: learning rate, exploration rate ϵ,
discount factor α for agent k = 1,K do

2 Initialize replay memory D to capacity N
3 Initialize action-value fucntion Qk(sk, ak|θk) with

random weight θk

4 Initialize target network Qk(s′k, a′k|θ
−
k ), θ−k ← θk

Learning :
5 for epsiode = 1,M do
6 s1: Initialize the first state from

st
k =< Ct

k,Vt
k, ht

k,n, ltn >, for ∀k ∈ K
7 for t = 1,T do
8 Each agent (UE) k excute random action at

k
with probability ϵ, otherwise excute
at

k = arg maxa Qk(sk, ak|θk)
9 Observe reward rt

k and next state st+1
k

10 Store transition (st
k, at

k, rt
k, st+1

k ) in D
11 if it’s time to update then
12 for k = 1,K do
13 Randomly sample minibatch of

transition (st
k, at

k, rt
k, st+1

k ) from D
14 Define

amax
k = maxat+1

k
Qk(st+1

k , at+1
k |θ−k )

15 yk ={
rt
k for terminalst+1

k
rt
k + αamax

k otherwise
16 Perform a gradient descent step on

(yk −Qk(sk, ak|θk))2
17 if t % policy-update-freq = 0 then
18 θ−k ← θk

of neurons in layer h, the size of the input layer, and the size of
the output layer, respectively. The computational complexity of
DQN algorithms for each agent can be expressed as CDQN =
O(X), where X = IsN1 +

∑H−1
h=2 Nh−1Nh + NH−1Io.

For the training phase involving K agents, E episodes, and
T time slots, the computational complexity of the proposed
approach can be formulated as: CMADQN = KET × CDQN =
O(KETX).

2) Convergence: The convergence of the above proposed
MADQN HO algorithm can be justified by demonstrating that
conventional Q-learning converges to the optimal state under
suitable learning rates and the neural networks effectively
approximate the nonlinear Q-values. Given these properties,
our MADQN-based methods are theoretically guaranteed to
converge, ensuring stable and optimal solutions [11]. Further-
more, to empirically demonstrate convergence to optimality,
we compare the performance of our proposed algorithm in
a simplified environment scenario with that of the optimal
algorithm, as simulated results will show.

IV. NUMERICAL RESULTS

In this section, we evaluate the performances of our pro-
posed MADQN-based SAT HO strategy in terms of average
HO rate, QoS guarantee time ratio, and moving average
throughput, and show its superiority by comparing with the
following benchmark HO strategies.

1) Random SAT HO [12]: Each UE randomly chooses
one among its covering SATs for a HO.

TABLE I
SIMULATION PARAMETERS

2) Maximum Channel Gain (MAX-CG) based SAT HO:
Each UE chooses the SAT with the best channel gain for
a HO.

3) Maximum visible time (MVT) based SAT HO [1]:
Each UE selects the SAT with the longest visible time
for a HO.

4) Load-Aware SAT HO based MADQN (LA-MADQN):
Each UE selects the SAT for HO with the load informa-
tion, where the state is defined as st

k =< Ct
k, ltn,Vt

k >
and the reward rt

k is defined as −ζ for Rt
k,at

k
< Rth

k ,
−φt

k for at−1
k ̸= at

k and Rt
k,at

k
≥ Rth

k , and vt
k,at

k

otherwise, by following the similar MDP framework
in [6].

We consider the scenario that K = 100 UEs are uniformly
distributed within a square with 100km side length and they
are moving around with a speed of 60km/h based on the
random walk model [8]. The detailed simulation parameters
are summarized in TABLE I. The time step interval is set to
1 second and the total episode time is set to T = 90 seconds.
The remaining visible time and throughput importance scaling
factors are set to ωv = 1 and ωR = 1.3× 10−8, respectively.
The penalties −ζ and −φt

k in the reward (7) are set to
−20 and −40, respectively. For the proposed MADQN-based
SAT HO strategy, each DQN is set as follows: Each agent
is equipped with a fully connected network comprising three
hidden layers consisting of 256 neurons each. The ReLU
function is employed as the activation function for each hidden
layer. The capacity of the replay memory D is N = 1× 106,
the discount factor is α = 0.9, the learning rate is 1×10−3, the
batch size is 128, the number of training steps to update the
target DQN is set to 1× 102, the exploration rate ϵ gradually
decreases from 1 to 1×10−3, and the Adam optimizer is used
for training the DQN.

Fig. 2 compares the performances between the proposed
algorithm and the optimal solution for a simplified scenario
with K = 2 UEs, N = 6 LEO SATs, and T = 5 time
slots. The left sub-figure shows that the cumulative reward
of the proposed algorithm converge to that of optimal solution
as the training episodes increases, while the right sub-figure
demonstrates that the proposed method, when executed after
training, achieves the same throughput as the optimal solution,
validating the optimality of our proposed algorithm.

Fig. 3 and Table II compare the proposed HO strategy with
other benchmark HO strategies in terms of the QoS guarantee
time ratio and the average HO rate, respectively. Note that the
QoS guarantee time ratio is averaged over every 10 UEs and
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Fig. 2. Comparison of cumulative rewards in training episodes and through-
puts for 5 time slots between the optimal solution and the proposed algorithm.

Fig. 3. Comparison of the QoS guarantee time ratio across groups of UEs.

TABLE II
AVERAGE HANDOVER RATES

Fig. 4. Comparison of the moving average throughputs.

represented as grouped bars. The QoS guarantee time ratio
is defined as the time portion that each UE satisfies the QoS
requirements among the entire episode duration. The average
HO rate is defined as the ratio of the total HO occurence
time to the entire episode duration, averaged across all UEs.
Fig. 3 and Table II validate that our proposed MADQN-based
HO algorithm significantly outperforms other algorithms in
terms of the average HO rate, while maintaining a relatively
long QoS guarantee time for all UEs compared to other HO
strategies.

Fig. 4 compares the proposed HO strategy with other
benchmark HO strategies in terms of the moving average

throughput. The moving average throughput is calculated by
averaging achievable throughputs of all UEs over a window
of 15 time steps. Coupled with the results from Table II,
it is evident that our proposed algorithm effectively solves
the optimization problem (3), achieving the highest moving
average throughput and the lowest average HO rate compared
to other benchmark algorithms.

V. CONCLUSION

This letter has proposed a novel distributed MADQN based
SAT HO strategy for LEO SAT networks to simultaneously
minimize the number of HOs and maximize the throughputs
of UEs while satisfying the QoS constraints of all UEs.
In our proposed HO scheme, each UE independently and
simultaneously performs the HO decision making based on
its own local information for covering SATs, which enables to
immediately adapt to the dynamic changes of the LEO SAT
network environments. The numerical results demonstrated
that our proposed HO strategy achieves the lowest average
HO rate and the highest achievable throughputs compared
to other conventional HO strategies, while ensuring a higher
QoS guarantee time ratio. Exploring novel HO strategies
for terrestrial-satellite coexisting networks, considering multi-
path delay and computational cost optimization in large-scale
networks, and investigating the fundamental trade-offs in
advanced HO cost modeling including interference and load
balancing would be an interesting future research topic.
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