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Abstract. Space-air-ground integrated network (SAGIN) has been
envisioned as a promising architecture and computation offloading is
a challenging issue, with the growing demand for computation-intensive
applications in remote area. In this paper, we investigate a SAGIN edge
computing architecture considering the energy consumption and delay
of computation offloading, in which ground users can determine whether
take advantage of edge server mounted on the unmanned aerial vehicle
and satellite for partial offloading or not. Specifically, the optimization
problem of minimizing the total cost is formulated as a Markov decision
process, and we proposed a deep reinforcement learning-based method
to derive the near-optimal policy, adopting the deep deterministic policy
gradient (DDPG) algorithm to handle the large state space and con-
tinuous action space. Finally, simulation results demonstrate that the
partial offloading scheme learned from proposed algorithm can substan-
tially reduce the user devices’ total cost as compared to other greedy
policies, and its performance is better than the binary offloading scheme
learned from Deep Q-learning algorithm.

Keywords: Space-air-ground integrated network · Edge computing ·
Partial offloading · Reinforcement learning

1 Introduction

Nowadays, with the in-depth development of the 5G mobile communication sys-
tem and the research on 6G, an interconnected world is gradually opening up
to people. Meanwhile, the rapid development of various communication services
and the continuous improvement of application demands put forward higher
requirements for network coverage, data transmission rate and end-to-end delay.
However, the existing ground network coverage is limited and cannot provide
services to meet the services for remote areas such as mountainous areas, polar
regions and oceans. Space-Air-Ground Integrated Network (SAGIN) can achieve
the global seamless coverage, breaking through the limitations of Ground net-
works, so it has become an emerging hot research topic [1,2].
c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2022

Published by Springer Nature Switzerland AG 2022. All Rights Reserved

H. Gao et al. (Eds.): ChinaCom 2021, LNICST 433, pp. 523–537, 2022.

https://doi.org/10.1007/978-3-030-99200-2_39

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-99200-2_39&domain=pdf
https://doi.org/10.1007/978-3-030-99200-2_39


524 J. Fu et al.

SAGIN is based on the ground cellular network and combines the advan-
tages of the wide coverage of the satellite network and the flexible deployment
of the aerial platform to achieve seamless coverage through the convergence of
heterogeneous networks [3]. However, with the rapid development of the Internet
of Things (IoT), more and more computation-intensive applications pose chal-
lenges with the limited computing capability and battery life of the devices. In
general, users utilize mobile edge computing (MEC) to offload computing tasks
to data centers with rich computing resources for processing, which can make up
for the defects in computing capability and storage resources of users’ devices to
some extent [4]. Therefore, MEC technology of terrestrial network is introduced
in SAGIN to provide users with efficient and flexible computing services by uti-
lizing multi-level and heterogeneous computing resources at the edge of network.
Through offloading the computation intensive tasks to MEC sercer, the energy
consumption and latency can be reduced. On the other hand, employing the
SAGIN in computation offloading introduces several challenging issues. Firstly,
different SAGIN segments possess distinct network conditions. Secondly, due to
transmission delay, it may not be able to meet the requirements of time-sensitive
applications such as virtual reality [5]. Therefore, it is very necessary to design
an efficient computation offloading scheme.

Early studies on MEC mainly focused on looking for solutions for the alloca-
tion of computing and communications resources, as well as offloading strategies
for various computing tasks,in which computation services are provided by a
fixed base station in terrestrial networks. Computing offloading has been studied
extensively, and most of these researches have proposed traditional optimization
approaches, such as convex optimization methods [6] and Lyapunov optimiza-
tion [7], and deep learning algorithms, such as Q-learning [8], Deep-Q-network
(DQN) [9], and distributed deep learning [10], to solve this problem. However,
the MEC services cannot effectively operate in the scenarios where communi-
cation infrastructures are sparasely distributed if the services are provided only
through the terrestrial fixed facilities.

Recently, the research on computation offloading in SAGIN has been at its
initial stage. Considering the coverage range and channel conditions of the UAVs
in SAGIN, C. Zhou et al. [11] proposed a computation offloading scheme based
on linear programming to solve the dynamic scheduling problem. To solve the
allocation of communication and computing resources, an effective scheme based
on reinforcement learning was proposed in literature [12]. But the above study
did not consider the curse of dimensionality. Under given UAV energy consump-
tion constraints, a risk-aware reinforcement learning algorithm was proposed
to weigh delay and risk in SAGIN scenario in [13]. In [14], Thai et al. pro-
posed a learning-based offloading scheme to optimize network performance and
maximize server provider revenue. In [15], Tang et al. investigated the compu-
tation offloading decisions to minimize the sum energy consumption of ground
users, proposed a distributed algorithm by leveraging the convex optimization
method to approximate the solution. Although problems in high-dimensional
state spaces have been successfully solved by DQN, only discrete action spaces
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can be handled. In [16], N. Cheng et al. proposed a joint resource allocation and
task scheduling methods based on actor-critic algorithm to effectively allocate
computing resources to virtual machines and achieve lower total cost of task
scheduling. However, the task partial offloading and offloading scheduling are
intercoupled with each other. It is important to note that the aforementioned
works considered complete offloading, while partial offloading can significantly
improve the latency as the network becomes dense and the edge resources are
limited [17].

As a summary, the study of partial offloading considering the cooperation
of space, aerial and ground multi-layer network under multi-user environment
is still missing in above literatures. In addition, traditional reinforcement learn-
ing based methods and linear programming methods cannot solve the high-
dimensional or continuous action space scenes.

Therefore, this paper considers the problem of computation offloading under
the SAGIN architecture with the joint communication and computing (C2) ser-
vice. In order to deal with these challenges, the optimization problem is for-
mulated as a Markov decision process (MDP), and a partial offloading strat-
egy based on deep deterministic policy gradient (DDPG) using the actor-critic
algorithm to deal with large state and continuous action spaces is proposed to
minimize the weighted sum of energy consumption and delay.

The remainder of this paper is organized as follows. In Sect. 2, the SAGIN
architecture and computation offloading models are introduced. In Sect. 3, we
describe the formulation and transformation, followed by a DDPG based solu-
tion. The simulation results and experimental evaluation are provided in Sect. 4.
Finally, we introduce the conclusion and the future work briefly in Sect. 5.

2 System Model

In this section, we first introduce the network architecture and then describe the
models associated with communication and computation for task offloading.

2.1 The SAGIN Architecture

In this work, we consider an SAGIN architecture with N ground users (GUs), I
UAVs and a low earth orbit (LEO) satellite constellation. There are many typical
applications, such as automated drilling control and virgin forest monitoring [2].
As shown in Fig. 1, a remote region without cellular coverage is considered,
therefore we provide network access, edge computing, and caching through the
aerial segment. In the aerial segment, UAVs can serve as edge servers to provide
computing capabilities to GUs [18], which can be regarded as the replacement
of BSs. Let N = {1, 2, . . . , N} be the set of indices of N GUs. Then, the set
of SAGIN components that computing tasks can be offloaded to is denoted
by I = {0, 1, 2, . . . , I}, let indexes 1, 2, . . . , I and 0 denote the UAVs and the
LEO satellite constellation respectively. Due to the limited computing power
and battery capacity of the GU devices, some tasks need to be offloaded to the
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flying UAVs configured with fixed locations that act as attitude platforms, or
the LEO satellite constellation. Furthermore, we assume that GU n device has
Mt independent computing tasks at the beginning of time slot t, denoted by the
set M = {1, 2, . . . ,Mt}. Considering a discrete time-slotted system with equal
slot duration , denoted by T = {1, 2, . . . , T}.

Each GU n can determine whether or not to offload its computing task m
to the edge server i, and xnmi (t) ∈ [0, 1] denote the offloading decision during
the time slot t. Specifically, N × Mt × (I + 1) matrix X (t) denote decisions of
the tasks, xnmi (t) = 1 denotes that GU n decides to offload its computing task
m to the edge server i completely, and xnmi (t) = 0 means that GU n disposes
its task m locally. The following sections provide a comprehensive explanation
of the computation and communication models.

Fig. 1. The network model.

2.2 Computation Model

Without loss of generality, a tuple (φ, γ) is adopted to model the computing
tasks from GU devices, where φ (in bits) represents the input data size of a
computing task, and γ (in CPU cycles per bit) indicates that how many CPU
cycles are required to process one bit input data [11]. The delay and energy
consumption of downloading can be ignored when the computing results are
transmitted back to the GUs by the edge server, because the key point of policy
is task uploading in the considered scenario [19,20]. As the computation tasks can
be completed locally, or offloaded to the UAVs or the LEO satellite constellation,
the computing delay can be analyzed from the following aspects.

The computing capability (in CPU cycles per seconds) of servers mounted on
UAVs and the satellite is denoted by f i (i ∈ {1, 2, . . . , I}) and f0, respectively.
The computing delay of GU n at all offloading destination SAGIN components
is calculated as the following equation:

dI
n (t) =

Mt∑

m=1

I∑

i=0

xnmi (t) φγ

f i
. (1)
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On the other hand, the delay in the local processing of a computation task
consists of two parts, the computation delay and the queuing delay.Since the
limited computing capability of the GU, the computation tasks may not pro-
cessed or offloaded completely within a time slot. We assume that the remaining
tasks wait to be processed in the computing queue. To model the queue latency,
ρn(t) ∈ [0,Mmax] denote the GU n’s unaccomplished task backlog at the begin-
ning of time slot t, Mmax is the maximum length of the computing queue. qn(t)τ
is the queuing delay of all qn(t) tasks in the waiting queue of GU n. The number
of queuing tasks denoted by:

qn(t) = max

{
ρn(t) −

⌊
fnτ

φγ

⌋
−

M∑

m=1

I∑

i=0

xnmi(t), 0

}
, (2)

where �·� denotes the floor function, fn is the computing capability of GU n,⌊
fnτ
φγ

⌋
denotes the greatest integer less than the number of computation tasks

executed by GU n in time slot t. The delay of local task execution at the GU n
can be given by:

dl
n(t) =

∑
m,i

(1 − xnmi(t))φγ

fn
+ qn(t)τ. (3)

Generally, the energy consumption of GU equipment is mainly composed of three
parts, including mechanical energy consumption, communication-related energy
consumption and computation-related energy consumption. The computation-
related energy consumption can be calculated by:

en(t) = ξn ·
∑

m,i

(1 − xnmi(t))φγ(fn)2, (4)

where ξn denotes the energy factor, which depends on the chip architecture
[15,16].

2.3 Communication Model

Since UAVs and satellites use different frequency bands to communicate, we sup-
pose that there is no interference between UAVs and satellite in this work [21].
Meanwhile, we neglect the propagation delay from GU devices to the UAV
because we assume the UAV is sufficiently close to GU devices [22]. Accord-
ing to [23], the average path loss of GU n from UAV to devices can be defined
as:

PL(r, h) = 20 log

(
4πfc(h2 + r2)1/2

c

)
+ PLoSηLOS + (1 − PLoS)ηNLOS , (5)

where h, r, ηLOS , ηNLOS denote the UAV flying altitude, horizontal distance
between the UAV and the GU, the additive loss incurred on top of the free space
pathloss for line-of-sight and not-line-of-sight links [24], respectively. We set the
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altitude of the UAV to 10 m. fc denotes the carrier frequency, c denotes the
velocity of light, PLoS represents the probability of line-of-sight link, which is an
equation with respect to h, r [16]. According to [25], the values of (ηLoS , ηNLoS)
are (0.1, 21) in remote area. Adopting the Weibull-based channel model [26], we
generate the channel gain when xnm0(t) �= 0, which can be calculated by:

h =
GtxGrxλ2

(4πlsat)
10− Frain

10 , (6)

where Gtx and Grx are antenna gains of the GU and the satellite, respectively.
Frain represents the rain attenuation, and lsat denotes the distance between the
GU and the satellite. Currently, the data rate denoted by ri(t) can be calculated
as the following equations:

ri
n(t) =

⎧
⎪⎪⎨

⎪⎪⎩

Bilog2

(
1 +

P
n,i

(t)·|h|2
σ2
S

)
, i = 0

Bilog2

(
1 +

P
n,i

(t)·10− PL
10

σ2
U

)
, i �= 0,

(7)

where Bi indicate the channel bandwidth of the ground-satellite link and the
ground-UAV link, indexes 1, 2, . . . , I and 0 denote the UAVs and the LEO
satellite constellation respectively. Analogously, Pn,i represent the transmission
power, σS and σU denote the power of noise. Thus, the transmission delay can
be given by:

di
n(t) =

⎧
⎪⎪⎨

⎪⎪⎩

M∑
m=1

(
�xnm0(t)� dsat+

(
xnmi(t)φ

ri
n(t)

))
, i = 0

M∑
m=1

xnmi(t)φ
ri
n(t)

, i �= 0,

(8)

where we denote dsat as the propagation delay between the LEO satellite and
the GU, which cannot be ignored. �·� denotes the ceil function. Denote the
communication-related energy consumption by ei

n(t), which is defined as follows:

ei
n(t) = Pn,id

i
n(t). (9)

3 Problem Formulation and Algorithm

In this section, we first introduce the formulation for our optimization problem,
and then the reinforcement learning-based approach is proposed to derive the
near-optimum decision.

3.1 Problem Formulation

As described in the preceding section, taking communication and computing
models into account, the delay and energy consumption for completing all tasks
of GU n can be defined separately as follows:
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Dn(t) = dl
n(t) + de

n(t) +
I∑

i=0

di
n(t), (10)

En(t) = el
n(t) +

I∑

i=0

ei
n(t). (11)

Finally, the cost function of the offloading decision can be defined as:

Cn(t) = ω1Dn(t) + ω2En(t), (12)

where ω1 and ω2 denote the tradeoff between delay and energy consumption
for the dynamic computing offloading policy, ω1 = 1−ω2. Let X = {Xt,∀t}
denote the tasks offloading decisions set. Since link availability and task arrival
are highly dynamic, our main focus is to minimize the time-averaged delay and
energy consumption for all tasks. As the number of users increases, the cost of the
MEC server to collect the channel vector of all users and then distribute the task
queue to each user increases. In order to make the system much more scalable,
we assume that the state of each GU is only determined by its local observation
and make decisions independently. The optimization problem is defined as:

min
X

lim
T→∞

1
T

T∑
t=1

ω1Dn(t) + ω2En(t)

s.t. xnmi(t) ∈ [0, 1], ∀n ∈ N,∀m ∈ M,∀i ∈ I,
I∑

i=0

xnmi(t) ∈ {0, 1}, ∀n ∈ N,∀m ∈ M,

Mt∑
m=0

I∑
i=0

xnmi(t) ≤Mmax,∀n ∈ N.

(13)

3.2 Deep Deterministic Policy Gradient Algorithm

Above optimization problem P1 is a high-dimensional decision issue. We adopt
an intelligent learning approach based on reinforcement learning (RL) to address
this problem. RL algorithms optimize the action choosing behavior by massive
interaction between agent and environment [12]. Compared with traditional opti-
mization approach, deep Q-learning network (DQN) estimate the state-action
value by deep neural network. Although problems in high-dimensional state
spaces have been successfully solved by DQN, DDPG has been proposed to
extend DRL algorithms to continuous action space [27]. Then, the state space,
action space, reward function and the environment are introduced briefly in this
section.

State Space: At the start of time slot t, sn
t =

{
hn

t , φCPR
n , ρn

t , En
t

}
denotes the

network state, where hn
t , φCPR

n , ρn
t , En

t represent the channel vectors, the num-
ber of offloaded tasks, the unaccomplished task in the queue and the energy
consumption, respectively.
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Action Space: Based on the current state sn
t , the learning system needs to decide

which access point should be selected and take action of scheduling the tasks of
GU n. Let the vector an

t = {xnmi(t),∀n ∈ N,∀m ∈ M,∀i ∈ I} denotes the action
space, where xnmi(t) ∈ [0, 1] indicates that user n whether partially offload the
task m to the MEC server i or not.

Reward Function and Policy: With the objective of long-term weighted sum of
delay and energy consumption of all tasks, the reward function can be defined

as Rn(sn
t ) = E

[
lim

T→∞
1
T

T∑
y=t

Cn(y)|sn
t

]
, Denote by π the stationary policy, and a

value function is defined to determine the value of reward when the system state
is sn, which is defined as:

Vπ(sn) = E

[ ∞∑

t=0

ψRn(sn
t , an

t ) |π, sn
0 = sn

]
, (14)

where ψ ∈ [0, 1] denotes the discounting factor. After confirming the state space,
action space and reward function, a DDPG based algorithm is proposed for this
Markov decision process (MDP) problem, as shown in Algorithm1. Generally,
an experienced replay buffer B is denoted, which stores experiences and mini-
batches of experience. In Algorithm 1, mini-batches of samples (s, a,R, s′) ∼
U(B) will be drawn uniformly at random from B. Based on temporal-difference
learning, a combination of Monte Carlo method and dynamic programming, the
Q-value can be updated as follows:

Q′
π(sn

t , an
t ) = Qπ(sn

t , an
t ) + α [Rn(sn

t , an
t ) + ψQπ(sn

t , a∗)] , (15)

where α denotes the learning rate and a∗ = arg maxan(t)Qπ(st
n, an(t)) denotes

the greedy action. The following loss function can be calculated by:

L (θ) = E(s,a,R,s′)∼U(B)

[(
Rn

t + ψQπ(sn
t+1, a

∗|θ) − Qπ(sn
t , an

t |θ))2
]
, (16)

An actor-critic approach is adopted in DDPG algorithm, we leverage two sepa-
rate DNNs to approximate Q-value network Q

(
s, a; θQ

)
, the actor μ(s|θμ). The

policy gradient of the θμ can be calculated as follows:

∇θµJ ≈ E(s,a,R,s′)∼U(B)

[(∇aQ(s, a|θQ)∇θµμ(s|θμ)
)]

(17)

4 Performance Evaluation

In this section, simulation is carried out to verify the proposed model and algo-
rithm. Specifically, we begin by elaborating on the simulation settings. After-
wards, we present an evaluation on the experiment results.
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Fig. 2. The DDPG-based computation offloading scheme.

4.1 Simulation Settings

As shown in Fig. 2, the proposed approach is implemented by one actor network,
one critic network and a replay buffer. Simulation environment is implemented
via Python 3.6 and Tensorflow library. The DNNs’ training and testing are con-
ducted with a personal computer with AMD R7-4800H CPU. ReLU function
is used as the activation function after the fully connected layer and L2 reg-
ularization is used to reduce DNN over-fitting. The number of neurons in the
two hidden layers are 300 and 400, and we set 2000 and 0.001 to the number
of episode and learning rate. Other important constant parameters are listed in
the Table 1.

Table 1. Simulation parameters.

Parameter Value Parameter Value

N 5 I 5

f i, i �= 0 5 GC/s φ 5 MB

f0 10 GC/s γ 25 cycles/bit

fn 200 MC/s N0 −100 dBm/Hz

BU 3 MHz PU 1.6 W

BS 2 MHz PS 5 W

dsat 6.44 ms Mmax 20
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Algorithm 1: DDPG Based Computation Offloading
1 Initialization:
2 for each GU agent n ∈ N do
3 Randomly initialize critic network Q(s, a|θQ

n ) and actor μ(s, a|θμ
n) with

weights θQ
n and θμ

n;
4 Initialize target network Q′ and μ′ with weights θQ′

n ← θQ
n and

θμ′
n ← θμ

n;
5 Initialize replay buffer B;
6 end
7 for episode k = 1, 2, . . . ,K do
8 Reset simulation parameters for the environment;
9 Receive initial observation state sn,1 for GU n ∈ N;

10 for time slot t = 1, 2, . . . , T do
11 for GU n ∈ N do
12 Select action an

t = μ(sn
t |θμ

n) + Δμ according to the current
policy and exploration noise Δμ;

13 Execute action an
t and observe the reward Rn

t and the next
state sn

t+1;
14 Store transition

(
sn

t , an
t , Rn

t , sn
t+1

)
in B;

15 Sample random mini-batch of transitions {(sn
z , an

z , Rn
z , sn

z )}Z
z=1

from B;

16 Set yz = Rn
z + ψQ′

(
sn

z+1, μ
′(s|θμ′

n )|θQ′
n

)
;

17 Update the critic network Q(s, a|θQ
n ) by minimize the loss

L = 1
Z

Z∑
z=1

((
yz − Qπ(sn

z , an
z |θQ

n )
)2);

18 Update the actor policy by using the sampled policy gradient

∇θµ
n
J ≈ 1

Z

Z∑
z=1

((∇aQ(sz, a|θQ
n )|a=az

∇θµ
n
μ(sz|θμ

n)
))

;

19 Update the target networks: θμ′
n ← δθμ

n + (1 − δ)θμ′
n and

θQ′
n ← δθQ

n + (1 − δ)θQ′
n ;

20 end
21 end
22 end

4.2 Simulation Results

Firstly, we show the simulation results of the proposed algorithm, and evaluate
the convergence performance. Figure 3 shows the convergence performance with
respect to the average reward of total tasks presented by setting ω1 = 0.8, ω1 =
0.5 and ω1 = 0.2, and the results are averaged from ten numerical simulations,
proving the effectiveness of neural networks.
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Fig. 3. The convergence of the proposed DDPG algorithm.

Meanwhile, it can be observed that the performance of the partial offload-
ing policy learned from proposed algorithm is always better than the binary
offloading policy learned from DQN for different scenarios by Fig. 4.

Fig. 4. Illustration of the average cost per episode.

To evaluate the computation offloading validity of the proposed DDPG
scheme on SAGIN system, we adopt the other four benchmark schemes which
are introduced as follows:

Greedy Local Execution (GLE): For each slot, the computation tasks will be
processed locally (xnmi(t) = 0) as many as possible.
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Greedy Computation Offloading (GCO): Each GU firstly makes its best effort
to offload computation tasks, and then the remaining tasks will be processed
locally.

DQN based Dynamic Offloading (DQN): As shown in Fig. 5, the DQN is also
implemented for the dynamic computation offloading problem, ε−greedy selec-
tion and Adam method are adopted for training. In the binary offloading scheme,
there are only two cases with this solution: complete offloading or local process-
ing (xnmi(t) ∈ {0, 1}).

DDPG DQN DDPG DQN DDPG DQN

Offloading policy

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
ro

po
rt

io
n

To satellite
To UAV
Local Process

Fig. 5. Offloading proportion under different policies.

Figure 6 and Fig. 7 represent the sum cost of processing the tasks with respect
to the numbers of users and average data size, respectively. The total cost of
DQN, GCO and proposed DDPG schemes are all increasing as the average data
size increasing. The time delay and energy consumption brought by the com-
munication process will be more because of larger data size, so that the total
cost of GCO scheme is close to GLE. However, the proposed DDPG scheme can
still keep the total cost lower than DQN scheme, proving the validity of partial
offloading strategy.
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Fig. 6. Total cost vs. numbers of GU devices.

Fig. 7. Total cost versus average data size.

5 Conclusion

In this paper, an efficient computing offloading scheme is proposed for the MEC
system in SAGIN. Firstly, we elaborated the SAGIN architecture. Then, we
express computation offloading as a nonlinear optimization problem with the
goal of minimizing the weighted sum of energy consumption and delay. On this
basis, we propose an algorithm based on DDPG to solve this problem. Finally,
the simulation results show that the energy consumption and time can be signif-
icantly saved by offloading the task to the edge server on the UAV or satellite,
and the convergence performance and effectiveness of the proposed scheme in
the simplified scenario are also proved.

In the future, the mobility management of satellites and UAVs will be fur-
ther considered. In addition, the offloading scheme of SAGIN in areas with rich
computing resources is also worth further study.
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