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Abstract—Low Earth orbit (LEQO) satellites play an important
role to realize personal global communication in future mobile
communication networks, where terrestrial users can be covered
by multiple satellites due to densely deployed satellites in the
constellation. Since the speed of LEO satellites is much higher
than that of mobile users, it yields a large amount of satellite
handovers, which causes heavy signaling overhead. Also, terres-
trial users need to compete for satellite channels while they can
only obtain partial information of the satellite system from their
individual views. Thus, a distributed satellite handover strategy
is required to balance satellite load to avoid network congestion,
while at the same time, maintain low signalling overhead. In
this paper, we propose a novel satellite handover strategy based
on multi-agent reinforcement learning that aims to minimize
average satellite handovers while satisfying the load constraint of
each satellite. Simulation results show that the proposed strategy
outperforms the local handover strategies based on basic criteria
in terms of average satellite handover and user blocking rate.

Index Terms—Channel utilization efficiency, low earth orbit
satellite network, multi-agent reinforcement learning, satellite
handover.

I. INTRODUCTION

In recent years, the increasing demand for high-data-rate
and real-time applications of mobile users has accelerated the
development of mobile communication, and massive capacity
and connectivity of the network are required. It has been
widely recognized that low Earth orbit (LEO) satellite net-
works shall provide high quality services with global coverage
in the future mobile communication systems. LEO satellite
constellation typically operates at the altitude of 500-1500
km with the period of less than 2 hours [1]. In contrast
to geostationary earth orbit satellite communication, LEO
satellite communication has the advantages of low propagation
delay and low energy consumption [2].

However, LEO satellite networks have disadvantage in
mobility management compared with geostationary satellite
systems [3]. Specifically, since the satellites rotation speed is
much higher than typical user speed, terrestrial users have to
be handed over to other satellites multiple times within a call
duration. A satellite handover is performed when the serving
satellite is below a minimum elevation angle relative for the
corresponding user and the connection is transferred to another
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visible satellite. The handover process has a significant impact
on the communication quality.

The basic satellite handover criteria for selecting the next
serving satellite includes, the remaining visible time, available
satellite channels and elevation angle, which affect the number
of handovers, network load and the service quality, respective-
ly. The number of available satellite channels is applied as the
basic criterion in [6,7]. The methods of handover requests
estimation and handover queuing have been developed to
reserve resources to ensure low drop blocking probability and
forced termination probability. In [6], the multimedia traffic
is differentiated into two types and then the satellite handover
requests are addressed based on the queue state of each traffic
type. In [7], dynamic Doppler-based handover prioritization
scheme is proposed, which utilizes Doppler shift monitoring to
estimate the actual number of handover request and the actual
time of occurrence to overcome the protracted reservation of
resources.

The elevation angle is applied as the basic criterion in [8,
9]. In [8], the authors propose a novel hard handover scheme
based on the dual satellite diversity (the common area between
contiguous satellites), which uses two different elevation angle
thresholds to select the highest and the second highest satellites
to reduce the signalling overhead. In [9], a hybrid channel
adaptive algorithm is proposed based on the concept of normal
and critical conditions and only makes use of dual satellite
diversity under critical channel conditions.

Some other studies consider two or more criteria for satellite
handover. In [10], the three handover criteria are considered
for the satellite selection of the new calls and handover calls,
which provides users with low forced termination probability
while fulfilling the QoS limitations even for heavy traffic con-
ditions. In [11], a graph-based satellite handover framework is
proposed for LEO satellite communication networks, and then
the satellite handover optimization problem is formulated as
the longest/shortest path of the graph for a specific user.

Most of the studies either consider only one handover
criterion for a specific optimization goal, or give an overall
solution taking three criteria into consideration from the per-
spective of a single user. However, users can only obtain partial
information of the satellite system relative to themselves
without a central controller. Besides, since the channel budget
of a satellite is limited, the competition for available channels
between users covered by the same satellite may cause highly
imbalanced satellite load. Therefore, it is essential to design a
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distributed satellite handover strategy which takes into account
the real-time resource competition of the users.

Multi-agent reinforcement learning (MARL) enables a
group of agents to learn by interacting with their dynamic
environment [12]. The agents observe the current state, take
joint actions based on partial view of the system and get the
relative reward [13]. In this paper, we propose a novel satellite
handover strategy based on MARL to optimize the average
satellite handovers and reduce blocking rate of users in a LEO
satellite network. The main contributions are summarized as
follows:

o We introduce the LEO satellite system model and for-
mulate an optimization problem aiming to minimize the
satellite handovers while satisfying the load constraint
of each satellite. The handover minimization problem is
then translated into an MARL-based problem from the
learning perspective.

o A multi-agent Q-learning algorithm is developed based
on the users’ real-time knowledge of satellite network,
in which a combined Boltzman exploration and e-greedy
action selection policy is proposed.

o The performance of our proposed MARL-based satellite
handover strategy is analyzed and simulation results show
that the proposed strategy achieves superior performance
in terms of the average number of handovers and user
blocking rate, as compared to the existing strategies
developed by basic handover criteria.

The rest of the paper is organized as follows. In Section II,
we introduce the LEO satellite system model and formulate
an optimization problem for average handovers minimization,
which is then translated into an MARL-based problem. In
Section III, we solve the problem by using a multi-agent Q-
learning algorithm. Simulation results are analyzed in Sec-
tion IV and conclusions are drawn in Section V.

II. SYSTEM MODEL
A. LEO Satellite Handover

We consider the satellite handover problem during a specific
time period 7', as shown in Fig. 1. The set of satellites is
denoted by N' = {1,2,...,N}. K users, the set of which
is denoted by K = {1,2,..., K}, are uniformly distributed
on the surface of Earth. The elevation angle between user &
and satellite n, denoted by 6y, ,,, can be acquired based on the
location information of the users and their covering satellites.
The minimum elevation angle, denoted by 6y, is a limitation to
guarantee the link quality of user communication. Therefore,
the serving elevation angle constraint are given by

Ok, > 00, Vk € K,VYn € N. (1)

The coverage of N satellites for K users can be viewed as
a coverage graph. The covering time periods of the satellites
are overlapped. When a satellite moves away from or enters
the vision field of a user in the system, the satellite coverage
graph changes to a new state. Therefore, the whole considered
period T' can be divided into U different coverage sections,
denoted by [to, tl), [tl, tQ), ey [tu, tu+1), ey (tU—la tU}. The

Fig. 1. A satellite handover scenario

intersection points, denoted by {¢1,to,t3,...,ty—1}, repre-
sents the state changing times of satellite coverage. During
each coverage section, the satellite coverage graph remains
unchanged.

Since each user is covered by more than one satellite during
each coverage section, we introduce cj, as the coverage
indicator between satellite n and user k during [ty,ty+1),
which is defined as

w {1 user k is covered by satellite n, @)

0 otherwise.

The covering satellites set of user k during [t,,,+1) can be
given by

Y= {n|c,=1n€eN}VkeK 3)

Then we introduce ), to indicate whether user k is served
by satellite n during [t,,t,+1), given by

4)

u 1 user k is served by satellite n,
0 otherwise.

We assume that the total bandwidth of each satellite is divided
into L channels with equal bandwidth and each user can use
only one channel during the transmission of one satellite. The
channel budget constraint is then given by

> ap, <LVneN. (5)
kEK
The problem of the satellite handover can be viewed as
an optimization problem which selects the satellite from 7}/
for serving user k£ during each coverage section. We denote
by HOj, as the satellite handovers of user k. If the service
relation between satellite n and user k changes with the
coverage section changing from [t,, ty+1) tO [tyr1, tuta), 1€.
T, F xml, HOjy, increases by 1. The average number of
user handovers in the system is then given by

e Shec HO,

@ % (6)
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We aim to optimize the service association indicator x}!
during a time period 7' to minimize the average number of
handovers while improving channel utilization efficiency in
the LEO satellite system. Then the optimization problem is
formulated as follows:

max HO (72)
{zi
s.t. ., €{0,1},Vn e N,k € K, (7b)
> ap, <LV¥neN, (7c)
kex
Ok > 60, Yn € N,k € K. (7d)

(7b) indicates two states of user association between user k
and satellite n, (7c) is the constraint of total channels of a
satellite. and (7d) is the minimum elevation angle constraint,
where 0y is predefined.

B. Problem Formulation

Problem (7) is a combinatorial integer optimization prob-
lem, which is NP-hard in general. Here, we transform the
problem into an MARL-based optimization problem based
on stochastic game. The LEO satellite handover optimization
problem is essentially a general-sum K -agents game since the
agents have both cooperative and competitive relations in the
system. The key definitions of MARL are given as follows:
(Definition 1) Agent: Users k € K that take actions at each
step and cause coverage state transitions.
(Definition 2) State: s¥ =< ¢™ | L vF™ > represents the
state of k-th agent at time ¢, which consists of the covering
satellites c,’f "™ the available channels of the satellites L} and
the remaining visible time of the satellites vf " respectively.
(Definition 3) Action: a,’f denotes the action of k-th agent,
and af = ", =™ indicates whether user k is served by
satellite n at time ¢.
(Definition 4) Reward: rF(sF, a;) denotes the reward of
k-th agent. It is used to describe the instantaneous reward
after action a; is executed at state sf Note that a; is a joint
action of all agents at time {. We assume that the agents do
not know other agents’ reward functions but they can obtain
other agents’ actions. We define the reward function in three
different cases:
o User k selects a satellite covering the user, but not
serving the user, the immediate handover occurs, i.e.
k o 1 — O;

. User k selects a satellite covering the user and serving the
user, but the satelhte is overloaded, i.e. ct =1,z
LLY <) ek zp"s

o User k selects a satellite covering the user and serving the
user, and the satellite channels is sufficient for its serving
users, ie. ci™" =1,2P" =1, L > Y okek b

The reward function is then defined as

—20, if " =1,20" =0,
10, if =128 =1,
ko k _ k,n
T (St ) at) - L < Zke}(: ; (8)
oF A = 1 P = 1,

n k.n
LY 2> ek @

TABLE 1
MULTI-AGENT Q-LEARNING ALGORITHM
Algorithm
1: Initialize:
20 t=0,8" = sk =< " L op" >,
3 Qk(807a(])—07VkEIC,S€S,
4: while t <T
5: do
6: for ke K
7 for s S
8 Agent k:
9: observe sF =< ct AL IR
10: choose action af based on policy 7*(sF);
11: obtain {a},...,a" 1 a1 .l
12: observe the reward 7 (sF, a;) and s;11;
13: update the Q-values Q¥ (sF, a;) by Eq. (11);
14: end for
15:  end for
16: t=t+1;

17: end while

The reward value is a positive integer only when the immediate
handover would not occur and the channel budget of the
satellite is sufficient. Otherwise, it is a negative integer. In
particular, the positive integer is equal to the remaining visible
time, since the longer the remaining visible time is the less
possible a handover would occur in the coming future.

The expected accumulative reward of agent k is given by

T

= ZVE{TﬂSO = s, 7},

t=0

v (s, ) ©))
where sqg is the initial state and ~ is the discounted factor.
The objective of agent £ is to find an optimal policy 7} that
maximizes the expected cumulative reward, i.e.,

7r = arg max v¥ (s, 7). (10)

Hence, the objective of the LEO satellite handover opti-
mization problem that minimizes the average handovers is
equivalent to Eq. (10), which searches for an optimal policy
to maximize the expected cumulative reward overtime.

III. MULTI-AGENT Q-LEARNING ALGORITHM

Q-Learning algorithm is a classic and effective reinforce-
ment learning algorithm. We extend the Q-learning to the
multi-agent cases and employ a multi-agent Q-learning algo-
rithm for the general-sum K-agents game [13,14]. The Q-
function of agent k is denoted by Q% (s,a',a?,...,a"), and

then the Q-values of agent £ is updated as follows:

Qf+1(st,at) = (1 - )QF(ss,a:) + [rk(st,at)—k

1D
Yo (se41) - T (s041) - QF (s041)]
where a; = (a},a?,...,alX) is the joint action at time t.

The multi-agent Q-learning algorithm is given in Table I.
At each time step t, agent k observes the state sy, select an
action al based on the policy 7*(sF), and the actions of other
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TABLE II
BOLTZMAN EXPLORATION COMBINED WITH e-GREEDY POLICY

Algorithm

1: Input: QF(sF,a;), 7, ¢

2: calculate m;(a;) by Eq. (14);

3: generate a random number £ € (0,1);
4. if & <e

5:  calculate m;(a;) by Eq. (14);

6.

7

8

9

ay = argmaxa, m¢(az);
. else
_ k(ok )
© af =argmaxa, Q°(s7, as);
: Output: ajf;

agents are simultaneously decides. Then the immediate reward
r*(s¥a4) is obtained. The Q-tables of agent k is then updated
by Eq. (11). An optimal equilibrium policy is obtained when
the expected rewards of the strategy is maximized for any
agent k, i.e.,

(w1, 72, 7K) = argmax Q*(s,a),Vk € K. (12)

Balancing exploitation and exploration in reinforcement
learning is very important when designing an action selection
policy. Exploitation means that the agents choose the best
action based on the current Q-values, also called a greedy
policy. Exploration means that the agents try more actions
that are not exploited so far to explore a larger action space.
We introduce the e-greedy action selection policy and extend
it into a combined Boltzman exploration and e-greedy policy
according to [15]. Let af be the selected action at time ¢.
Given an exploration parameter € € [0, 1), we have

if € < e,

. Jrandom action from A; (13)
N otherwise,

arg max,, Q" (sF, a;)

where ¢ is a uniform random variable.

Table II shows the combined Boltzman exploration and e-
greedy policy, in which the selection probability of an action,
denoted by m(a;), is weighted by its related Q-value, i.e,

e(Qk(sTf,at,))
Tt (at) = (14)

2a, €

where 7 is a temperature parameter. Although this policy is
viewed as a random action selection policy, we can see that the
agents have more possibility to choose good actions due to the
property of the probability function. Therefore, we combine
Boltzman exploration process with e-greedy policy for a better
balance of the exploitation and exploration.

(Qk<sf,at>) !

IV. SIMULATION RESULTS

In this section, we evaluate the performance of our proposed
MARL-based satellite handover strategy and compare with the
following handover strategies:

o Maximum Visible Time (MVT)-Based Satellite Han-

dover Strategy: Users select the next satellite with the
longest remaining visible time when the elevation angle

TABLE III
SIMULATION PARAMETERS

a = 6680 km semimajor axis of the orbit
b=0.6 eccentricity of the orbit
c=45° inclination of the orbit
d = 25° right ascension of ascending node of the orbit

e =22.5° argument of perigee of the orbit
f=175° true anomaly of the orbit

H =800 km Height of a satellite

v = 780 km/h Satellite rotation speed
N =48 Number of satellites

W =10 MHz Bandwidth budget of a satellite
fp = 10° Minimum elevation angle

T =600 s Satellite rotation time
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Fig. 2. Reward as a function of the iteration number with K = 6 and L = 5.

of the serving satellite reduces to the minimum value.
This strategy provides the lower bound of the satellite
handovers.

o« Maximum Available Channels (MAC)-Based Satellite
Handover Strategy: Users select the next satellite with
the least load.

o Graph-Based Weighted (GBW)-Based Satellite Han-
dover Strategy: The strategy models the satellites’ cov-
erage for a user as a time graph [11]. We calculate the
shortest/longest path from one node to another to achieve
different objectives. The weight of the remaining visible
time and the available satellite channels are set as by
w1 = 0.7 and wo = 0.3.

We consider a square area with 2 km side length, where
users are uniformly distributed within the area. To construct
the LEO satellite system, the semimajor axis, eccentricity,
inclination, the right ascension of ascending node (RAAN),
argument of perigee and true anomaly are set as a = 6680km,
b = 0.6,c = 45°,d = 25° e = 22.5° and f = 17.5,
respectively. We consider a satellite rotation period 7' = 600 s.
The bandwidth budget of each satellite is W = 10 MHz. The
minimum elevation angle is set as 6y = 10°. The simulation
parameters are summarized in Table III.
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Fig. 3. Average number of handovers as a function of the action selection
policy parameter 7 with K = 6 and L = 5.

0.14 —
—&— MARL
=t MVT
012 - MAC 4
—#— GBW
01t 1
o
s
j=2]
£
4
[53
S
m
0.04 7
0.02 -
0

Number of users (agents)

Fig. 4. Blocking rate as a function of the number of users with ¢ = 0.1, 7 =
10 and L = 5.

In Fig. 2, we show the reward as a function of the number
of iterations, where the number of users is X = 6 and the
number of channels is L = 5. As can be seen, the average
reward converges to about 20 with merely small fluctuation.
The reason is that they select more good actions based on the
exploration function (14) when using the combined policy,
while the agents select completely random actions during
exploration when using e-greedy policy.

In Fig. 3, we show the average handovers as a function of
the action selection policy parameter 7, where the number of
users is K = 6 and the number of channels is L = 5. It
can be seen that the changes of 7 has no impact on the final
performance of satellite handover. This demonstrates that the
proposed multi-agent Q-learning algorithm always converges
to the same equilibrium when the action selection parameters
are set within a reasonable range. Besides, we can observe that
our proposed strategy performs better than the MAC-based and
GBW-based strategies by a 23% and 12% reduction of the
average handovers, respectively. Also, the proposed strategy
achieves a close performance to the MVT-based strategy,
merely yielding a 4% increase of the average handovers.
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Fig. 5. Blocking rate as a function of the number of channels with € =
0.1,7 =10 and K = 6.
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Fig. 6. Average number of handovers as a function of the number of channels
with e = 0.1,7 = 10 and K = 6.

In Fig. 4, we show the user blocking rate as a function of
the number of users, where the system parameters are € =
0.1,7 = 10 and L = 5. As the number of users increases, we
can see that the user blocking rate increases because a larger
percentage of users would be dropped when competing for the
channel resource. We can also see that when the number of
users is below 6, the blocking rate increases slowly. And when
the number of users exceeds 6, the blocking rate increases with
a larger speed. Besides, our proposed strategy outperforms the
MVT, MAC and GBW-based strategies by a 50% — 100%
reduction of blocking rate.

In Fig. 5, we show the blocking rate as a function of
the number of channels, where the system parameters are
e =0.1,7 = 10 and K = 6. We can see that the blocking
rate drops as the number of channels increases since more
users can be served with a larger channel budget. Moreover,
our proposed strategy outperforms the MVT, MAC and GBW-
based strategies by a 75% — 100% reduction of blocking rate.
From Figs. 3, 4 and 5, we show that the proposed strategy
can significantly improves the blocking rate performance at
the cost of only a small increase in handover signaling.
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In Fig. 6, we show the average satellite handovers as
a function of the number of channels, where the system
parameters are € = 0.1,7 = 10 and K = 6. As we can
see, the average number of handovers of the GBW-based
strategy increases as the number of channels increases, while
the average handovers of our proposed strategy decreases to
the lower bound. In the MARL process, even if a satellite
has the longest visible time for an agent, the reward of the
joint action that take the signalling overhead and satellite load
into consideration can still be negative. Therefore, when the
channel budget is not sufficient to serve all visible users, the
agents may select the satellite with the second longest visible
time to avoid low channel utilization efficiency. When the
channel budget is sufficient, the agents would not need to
sacrifice the handover performance to guarantee load balance.
The proposed strategy outperforms the GBW-based strategy
by a 4%-20% reduction of handovers.

V. CONCLUSIONS

In this paper, we have investigated the satellite handover
problem in an LEO satellite network. An optimization problem
was formulated to minimize the average number of handovers
subject to the load constraint of each satellite. The problem
was then transformed into an MARL problem. We have solved
the problem by using a distributed Q-learning algorithm,
where a combined Boltzman exploration and e-greedy policy
is employed to better balance exploitation and exploration.
Simulation results have shown that the proposed satellite
handover strategy not only reduces the average number of
handovers compared to the baseline strategies, but also hugely
decreases the user blocking rate, which implies better channel
utilization of the entire system.
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