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Abstract. In order to support a mass of current satellite applications, it
becomes a trend to integrate satellite networks with terrestrial networks,
called satellite-terrestrial networks. However, traditional network proto-
cols cannot adapt to the dynamic and complex satellite-terrestrial net-
work. Moreover, the computing and communication capabilities of some
satellites cannot meet the requirements of supporting various applica-
tions. As a result, the paper proposes an edge computing based software-
defined satellite-terrestrial network architecture, which can manage net-
work flexibly by logically centralizing network intelligence and control.
Furthermore, a networking and edge computing scheme is proposed by
formulating a jointly optimization problem, which is solved by using
novel deep Q-learning approach. Simulation results show the effective-
ness of the proposed scheme.
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1 Introduction

Satellite network is developing fast recently and has been widely used in many
fields, such as emergency assistance, navigation, remote sensing and so on [1].
Thus, variety of satellite applications are developed. However, the capability
of satellites is not high enough to support the explosion of current satellite
applications. So there is an emerging trend to integrate satellite networks with
terrestrial networks, called satellite-terrestrial networks [2].

Traditional satellite network protocols have poor mobility, high costs and
complexity, and it cannot adapt to the dynamic changing satellite-terrestrial
network. Satellite-terrestrial needs a flexible and intelligent network architec-
ture and protocols. Thus, there is a growing trend to use software-defined net-
work (SDN) to reconstruct the satellite-terrestrial networks. SDN decoupled con-
trol and data plane, logically centralized network intelligence and state, and
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abstracted the underlying network infrastructure [3]. Feng et al. in [4] proposed
an architecture for heterogeneous satellite-terrestrial networks, they use SDN
and network virtualization to improve the flexibility of networks. Li et al. in [5]
proposed a multi-strategy flow table management scheme, called SAT-FLOW.
Boero in [6] constructed a SDN-based terrestrial-satellite network architecture
to minimize the mean time to deliver the data of a new traffic flow from source
to destination including the time required to transfer SDN control actions. Liu
in [7] proposed an optimal controller and gateway placement algorithm in SDN
enabled 5G-satellite integrated network which increased the network reliabil-
ity and decreased the latency. It is obvious that, by abstracting and allocating
networking resources dynamically, satellite-terrestrial networks can get better
performance such as reliability, latency, flexibility and so on.

Moreover, traditional satellite-terrestrial network apply cloud computing to
assist the satellite in computing complex tasks. For example, Huang in [8] pro-
posed a novel layered architecture for the space-based cloud infrastructure to
aid space network. However, due to the long distance and huge amount of data
to be delivered, it is not economical and feasible to offload computation tasks to
the cloud center. So there is an increasing trend to use edge computing to aid
satellite-terrestrial network. Edge computing is a new paradigm of shifting com-
putation resources to the network edge to improve network service performance.
This brings higher network resource utilization and computation performance.
Specially, our contributions are:

— Proposed an edge computing based software-defined satellite-terrestrial net-
work architecture and formulate a jointly resource allocation problem based
on it.

— Utilize deep Q-learning approach to solve the jointly resource allocation prob-
lem.

The rests of the paper is organized as follow. In Sect. 2, system description
and model are presented. The joint optimization problem of networking and edge
computing is formulated as a Q-learning process and solved in Sect. 3. In Sect. 4,
we present the simulation results. Finally, conclusions presented in Sect. 5.

2 System Model

In this section, we first present the proposed architecture of edge computing
based software-defined satellite-terrestrial network. Then system model is given,
including network model, communication model and computing model.

2.1 Proposed Framework of Software-Defined Satellite-Terrestrial
Network

This paper take a joint consideration of both networking and computing
in software-defined satellite-terrestrial network architecture. The architecture
includes data plane, control plane and application plane, as shown in Fig. 1
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In the data plane, there are two types of infrastructures to provide network
resources and edge computing resources. Networking resource infrastructure
includes LEOs and MEOs. And computing resource infrastructure consists of
MEC servers which provide computation resources for the network users. In
the control plane, the control intelligence is abstracted in GEO satellites and
land-based controllers. They are responsible for centralized management of the
LEO/MEOQO satellites and MEC servers. Controllers receive the requests from
devices in data plane and consider both the networking resources and MEC
server status to make a decision, i.e. which LEO/MEO should server the user,
and which MEC server should assist the LEO/MEO on processing raw data. In
the application plane, a number of applications are provided, including remote
sensing, navigation, communicating and monitoring.

Application SGEES=4 L3 i
Plane & - 3
Remote Sensing Navigation Communicating Monitoring
% G
Control %—% } ai a
Plane ‘
GEO Lan&gé;zsed
controllers controllers

5-9-8
MEC MEC MEC
Computing

LEO Networking

Fig. 1. The framework of Software-Defined Satellite-Terrestrial network.

The workflow of the architecture includes several steps. First, a user sends
a request to the GEO/land-based controller, i.e. requests to identify an objects
(such as vehicles or vessels) in a video/image of a certain area. Controller runs
the algorithm and returns decision to the user, the decision includes which LEO
satellite could the user connect to get satellite networking resource and which
MEC server should aided the LEO satellite with processing raw data by complex
image/video identification algorithms. Then, user connects to the selected LEO
according to controller decision. LEO retrieves for the content and pass the raw
data to the selected MEC server. If the MEC server is busy, then the tasks need
to queue up. Till the MEC server finishes the previous tasks. MEC server begin to
execute the tasks and return the result to the LEO, and then the content will be
returned to the user. To visualize the description, we give the workflow diagram
in Fig. 2.
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Fig. 2. Workflow in the proposed architecture.

2.2 Network Model

There are two resource pools in data layer which includes LEO/MEQO satellites,
and MEC servers, which are managed by the controllers in the control plane. Let
L={1,., L}, M={1,...M}, U = {1,...,U} denote the set of LEOs/MEOs,
MEC servers, and users.

2.3 Communication Model

We assume that the wireless channels between users and LEO /MEOs are realistic
time-varying, it can be modeled as finite-state Markov channels (FSMCs). In this
model, channel quality can be expressed by the received SNR h!, of a user u from
LEO/MEO . We split the range of h!, into L’ discrete intervals, each interval
is a state of Markov chain, i.e., H = {Ho, H1, ..., Hr'—1}. The received SNR. h!,
at time ¢ can be represented by h! (¢), where t € {0,1,2,...,T — 1}. Based on a
certain transition probability, the received SNR h! (#) changes from a state to
another, and the transition probability from one state ¥5 to another state ¢s at
time slot ¢ could be denoted as vy, (t). Then, the transition probability matrix
TL(t) could be represented as:

Y;ll, (t) = [7195905 (t)]L’XL’a (1)
where vy.,.(t) = Pr(hl (t + 1) = p;s|hl (t) = ¥5), and s, 95 € H.

We assume that the available spectrum bandwidth of LEO/MEO [ is B! Hz,
among which B!, Hz is allocated to user u. The available backhaul capacity of
LEO/MEO [ is Z! bps. The spectrum efficiency of user u is v/}, (t) at time t. The
communication rate of user u associated with LEO/MEO 1 is:
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ComR,,(t) = ay, () By, (t)v, (1), Yu € U, (2)
st. Y ComRl(t) < Z'Vl € L, (3)
ueU

where a!, (t) means whether user u connects LEO/MEO . Let a!,(t) = 1 represent
user u connects certain LEO/MEO [. Otherwise, a!,(t) = 0.

2.4 Computing Model

We assume T; = {07, n;} is the computation task of LEO/MEO [, with the data
size of o7, and required CPU cycle of n;.

Since we have no idea on exactly know how many computation capabilities
are allocated to LEO/MEO [. Thus, we model the computation capabilities of
MEC server m allocated to LEO/MEO [ as a random variable Q. The value of
Q7" can be splited into M’ discrete intervals, i.e., II = {Ily, IT1, ..., IIp;—1}. The
computation capability Q] at time instant ¢ can be represented by Q" (t),t €
{0,1,2,...,T — 1}. Computation capability Q;" (t) changes from one state to
another based on transition possibility. Here e, (t) represent the transition
probability of Q" (t) from one state ocs to another state ws at time instant t.
The transition probability matrix EJ™(t) could be denoted as:

E"(t) = [easoms (D)0, (4)

where ex.m. (t) = Pr(Q7" (t + 1) = w;| Q)" (t) =x3), and ws, o5 € I1.
The task execution time 7; at MEC server m can be denoted as

ny
L ——— 5
So the computation rate is:
m N msn Q0 (o
CompRy® (1) = af (1) 2 = (1) 22, (©
! i
s.t. Zalm(t)ol < O, (7)

el

where o] (t) means whether LEO/MEO [ offloads computation tasks to certain
MEC server m. Let a]*(t) = 1 denote LEO/MEO [ offloads tasks to MEC server
m. Otherwise, a]"(t) = 0. Oy, is the maximum size of tasks that can execute
simultaneously on MEC server m.

Thus, jointly optimize the networking and computation offloading strategy
is a complex and high-dimensional system. Tradition approach is difficult to
work out. So it is necessary to use machine learning algorithms, such as deep
Q-learning, to learn the law of the system. In this way, a viable solution could
be given. Thus, in this paper, we propose a deep Q-learning approach to solve
computation offloading problem in satellite-terrestrial networks.
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3 Problem Formulation

In this section, we formulate a joint optimization problem of networking and
edge computation capability in satellite-terrestrial network. Then we propose a
deep Q-learning approach to solve it.

3.1 State Space

The state space is consists of networking state, computing state. Then, state
space S(t) at time slot ¢ is represented as:

~[hi(®) B2(t) .. hi(t) ... hi(y)

SO = ol ity .. o () .. @ (1))

(®)

3.2 Action Space

In this system, controller needs to decide which LEO/MEO [ should provide net-
working resource to u, and which MEC server m should execute the computation
task for LEO/MEO [. Thus, action space a,(t) at time instant ¢ is represented
as:

ay(t) = {ComA,(t), CompA;(t)}, (9)

where ComA,(t), and CompA,(t) mean:

(1) ComA,(t) = [ComAL(t),...,ComAL(t)], where ComA!,(t),V] € £ means
whether or not LEO [ provide networking resource to user u. ComA. (t) €
{0,1}, where ComAL (t) = 0 means LEO [ is not assigned to user u at time
instant ¢, otherwise ComA! (t) = 1. Note that, in one time slot, only one
LEO to provide user u with networking resources.

(2) CompA(t) = [CompAi(t),...,CompAM(t)], where CompA",Ym € M
means whether or not the LEO/MEO [ offload tasks to MEC server m.
And CompAJ*(t) € {0, 1}, where CompA}*(t) = 0 means LEO/MEO do not
offload to MEC server m, otherwise CompAJ™*(t) = 1. Note that there is only
one MEC server to do the computation task for LEO/MEOQO [ at one time
slot.

3.3 Reward Function

According to the work in [9], the controllers need to pay the usage of wireless
spectrums in LEO/MEO [, and the computation fee in MEC server m, which
are denoted as §; per Hz and 7,, per Joule.

In addition, the controllers charge user u for the fees of accessing the net-
works, and using the computation resources, which are represented by 7, per
bps, and ¢, per bps.



DQN Aided Edge Computing in Satellite-Terrestrial Network 123

R,(t) =Y ROt + Y Riow(h)
leL meM

= Z ComAL (t)(r,ComR.,(t)/8 B (t))

leL
+ > CompA}" (t)(¢uCompRi™ (t) /mmmniem)

meM (10)
=" ComAl(t)(ru Bl (t)v},(1)/6,BL(t))

lel

+ > CompAp(t)(
meM

& Q" (D)o

n /nmnl em)

(utility/resource).

We define reward function R, (t) at time instant ¢ as the expected utility per
resource. It is the ratio between the charging fee of using the resource and the
paid fee of having the resource. The larger expected utility per resource means
the higher efficiency of unit resource. Thus, R, (¢) can be expressed as (10),
where e, denotes the energy consumption for performing one CPU cycle.

3.4 Deep Q-Learning Algorithm

DQN use the interaction of agent-environment to optimize the action choosing.
At one decision episode, the learning agent senses state S(t) from the environ-
ment. According to a given policy, the agent chooses action a,(t) to execute.
Then the environment turns to a new state S(t + 1), and the agent gains the
corresponding reward R, (%).

In tradition Q-learning algorithm, the given policy is defined by Q-table.
However. when the state space and the action space are high-dimensional. It is
difficult to have all Q(s,a) and put them into Q-table. Therefore, we use deep
networks to evaluate Q(s,a), i.e., Q(s,a,w) = Q(s,a), where w is the set of
weights and biases in deep networks [10]. In each learning iteration, deep net-
works are trained to minimize loss function L(w), so as to evaluate real Q(s,a).

There are two innovations to make DQL more efficient and more robust,
includes experience replay and fixed target deep networks [10]. Deep Q-learning
is shown in Algorithm 1, where e-greedy policy is used to balance exploitation
and exploration.

4 Simulation Results and Discussions

In this section, we evaluate the performance of the proposed algorithm in
satellite-terrestrial networks. First, we present simulation settings, followed by
some discussions about simulation results.
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Algorithm 1. Deep Q-learning
1: Initialization:
Initialize evaluated deep networks with the set of weights and biases w.
Initialize target deep networks with the set of weights and biases w’.
2: for k=1: K do
3: Reset the environment with an arbitrary observation S;n;, and S(t) = Sin;.
4:  while S(¢)! = Stermina do
5:
6
7

Select action a.(t) based on e-greedy policy.
Obtain immediate reward R, (¢) and next observation S(¢ + 1).
Store the experience (S(t), aw(t), Ru(t), S(t + 1)) into the experience replay

memory.
8: Randomly sample some batches of them from the experience replay memory.
9: Calculate target Q-value Qtarget(t) in target deep networks:
if 5" is Sterminal
Qrarget(t) = Ru(t),
else
Qtarget(t) = Ru(t) + 7 H;f}XQ(Slv a',w').
10: Train evaluated deep networks to minimize loss function L(w).
11: Every some steps, update target deep networks.
12: S(t) — S(it+1)
13:  end while
14: end for

4.1 Simulation Settings

In this simulation, hardware environment is a GPU-based server, and this server
has 8 GB 1867 MHz LPDDR3, 2 GHz Intel Core i5, and 256G memory. Software
environment is Python 2.7.10 with Tensorflow 1.4.0. Note that, we use a seven-
layer deep networks in the simulation.

We assume that the state of wireless channels between user v and LEO/MEO
[ can be strong (spectrum efficiency v), = 10), commom (spectrum efficiency
vl = 2), and poor (spectrum efficiency v!, = 0.2), whose transition probability
matrix is

0.50.40.1
T=1010504]. (11)
0.40.10.5

We also assume the computation capability states of MEC servers are strong
(computation rate Qy' (t) = 50), common (computation rate Q;;' (t) = 10), and
poor (computation rate Q7' (t) = 1), whose transition probability matrix is

0.50.30.2
E=[020503]. (12)
0.30.20.5

The values of the rest parameters in the simulation are listed in Table 1.
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Table 1. Parameters setting in the simulation.

Parameters | Values Descriptions

BL 5 MHz The bandwidth of LEO [ allocated to user u

41 2 units/MHz | The unit paid-price of using wireless spectrums

Nim, 2 unit/J The unit paid-price of using MEC servers

Tu 10 unit/Mbps | The unit charging-price of using networking resources

bu 10 unit/Mbps| The unit charging-price of using computing resources

Moy 5 Mcycles The required number of CPU cycles to finish each computation task
em 1J The energy consumption for performing one CPU cycle

Oy 2 Mbits The computation task size

4.2 Simulation Results

Figure 3 shows the relationship between training episodes and the expected util-
ity per resource, including networking and computing. The learning agent runs
in AdamOptimizer [11] with the learning rate of 0.001, and e-greedy linearly
decreasing from 1 to 0.1 in 500 training episodes. As shown in (10), with the
increase of training episodes, the expected utility per resource increases until
convergence. Finally, the expected utility reach a stable value. And with the
joint consideration of networking and edge computing resources, the proposed
DRL-based scheme has the better performance than only consider single aspect.

4000
—— Proposed DRL-based scheme

35004 —— Proposed scheme w.o. virtual networking
—— Proposed scheme w.o. MEC offloading

3000

2500

2000

1500

1000

w
=3
IS

The expected utility per resource (utility/resource)

=

0 500 1000 1500 2000 2500 3000 3500 4000
Episode

Fig. 3. Training curves tracking the expected utility per resource under different
schemes.

Figure 4 shows the relationship between the learning loss and training steps,
when the learning agent runs in AdamOptimizer with the learning rate of 0.001.
At the beginning, target deep networks and evaluated deep networks have the
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similar weights and biases, thus the loss values are low. Along with the training
process, evaluated deep networks learn the environment and store experiences
into the experience replay memory, this increase the differences between target
deep networks and evaluated deep networks. Evaluated deep networks are trained
by these differences to decrease the learning loss. The decrease of learning loss
represents the effectiveness of the deep networks.

400000

300000
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8

200000

100000

0 5000 10000 15000 20000 25000 30000
training steps.

Fig. 4. Training curves tracking the learning loss under the proposed DRL-based
scheme.

5 Conclusions

In this paper, we proposed an edge computing based software-defined satellite-
terrestrial network architecture. Additionally, based on the architecture, we
formulated the joint optimization problem of networking and edge computing
resources in the network. Then we utilized a deep Q-learning approach to solve
it. Simulation results showed the effectiveness and the convergence performance
of our proposed scheme with different scenarios. Some future works should con-
sider the mobility scenarios, which is used to better generalize the proposed
approach.
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