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Abstract—Space-air-ground integrated networks (SAGIN) have
been envisioned as the promising and key network architecture
for the 6G vehicular networks to provide seamless coverage for
the connected vehicles. To access the most appropriate network
quickly, this paper proposed a knowledge-driven network access
approach, where the communication knowledge is explicitly
integrated into neural networks, to deal with multiple tasks in
SAGIN-based vehicular networks. Specifically, the formulated
long-term network access problem is handled by asynchronous
advantage actor-critic algorithm (A3C) in reinforcement learning.
During this process, the space-time correlation knowledge is
introduced to effectively reduce the action space in channel
selection and the reward shaping exploiting the problem-specific
communication and mathematical knowledge is adopted to solve
the sparse reward problem in reinforcement learning. In addition,
by modifying the sub-net learning rate of the A3C algorithm
with experimental experience, this paper speeds up the network
convergence speed by 1.5%. Numerical results also show that in-
tegrating knowledge into traditional deep reinforcement learning
algorithm can improve the reward by 4%.

Index Terms—Channel selection, knowledge-driven, network
access, reward reshaping, space-air-ground integrated networks

I. INTRODUCTION

In the future sixth generation (6G) network, the vehicles
are changing from the functional vehicles based on traditional
electronic architecture to the mobile intelligent terminals that
integrate many transformative technologies such as big data,
cloud computing, artificial intelligence (AI) and the Internet
of things (IoT). These connected vehicles may be deployed in
the remote mountainous areas, deserts or forests, where the
traditional communication systems rarely have stable com-
munication coverage. Meanwhile, with the research of 6G,
more complex communication scenarios are proposed, and the
new communication services have more urgent requirements
for seamless coverage. Traditional terrestrial networks cannot
meet the new needs, while satellite and Unmanned Aerial
Vehicle (UAV) communication networks are considered as
promising complements to extend the terrestrial networks in
order to suit for various scenarios. And satellite, UAV, and
base station (BS) can complement each other, the integration
of them, namely the space-air-ground integrated network (SA-
GIN), is proposed as a promising 6G wireless network, which
is a promising solution to provide cost-effective, large-scale,
and flexible wireless coverage and communication services [1].
SAGIN can also efficiently tackle the problems of network

coverage and data transmission of the vehicular networks.
At the same time, integrating SAGIN technology into these
vehicular network can provide flexible and reliable services
for vehicles by taking advantage of different networks [2] in
SAGIN-based vehicular networks.

In SAGIN-based vehicular networks, resource scheduling
is a research hotspot, which includes frequency, power, time,
computing, sensing, storage resources and etc. The service
transmission process in the vehicular network needs to con-
sume a lot of network resources, while the network resources
are limited and different services have different resource
requirements, so it is necessary to efficiently schedule network
resources according to the task requirements. And the network
access decision is the key problem of resource scheduling. In
traditional network access selection, two categories are mostly
used, namely, selection methods driven by mathematical mod-
els such as optimization theory and game theory, and decision
methods driven by data such as neural networks and deep
reinforcement learning [3]. For example, by using a mathemat-
ical model-driven method, Guo et al. [4] formulated the joint
route and access network selection problem as a semi-Markov
decision process (SMDP) and derived a optimal algorithm to
improve the throughput of the target vehicle. Besides, with a
data-driven approach, Mchergui et al. [5] proposed a novel
hybrid relay selection technique to perform the broadcasting
task based on a reinforcement learning method to increase the
success rate, save rebroadcasts, and reduce the delay in a grid
map scenario with varied traffic densities.

However, with the rapid increase of resource scheduling
complexity of SAGIN-based vehicular network, it is difficult
for the mathematical model methods or data-driven approaches
to meet the updated needs, while integrating knowledge into
these traditional approaches will hopefully optimize existing
network structures or algorithm models. For instance, in a
multi-radio multi-channel wireless mesh network (WMN) with
wireless extenders (EXTs) whose locations change over time,
Gačanin et al. [6] proposed a optimization algorithm by
introducing the spectrum correlation knowledge to improve the
timeliness and accuracy of the resource scheduling process.
Additionally, in the fifth generation new radio (5G NR)
downlink scheduler design, the base station optimized user
scheduling and resource block allocation according to the
channel state information (CSI) and queue length to maxi-
mize the number of resource blocks successfully received by
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users. Based on expert knowledge, multi-head critic, reward
reshaping and importance sampling were proposed in [7],
which effectively enhanced the reliability of the network and
accelerated the convergence of the network.

As vehicles become more intelligent, they can provide users
with more infotainment services such as road safety, intelligent
transportation, autonomous driving, in-car infotainment and so
on, which are closely related to delay. Therefore, delay is a
significant experimental index for the access network selection
in vehicular networks [8], but the above knowledge-driven
methods are rarely studied. And this paper adopts knowledge-
driven vehicular access network selection method to minimize
the delay of the vehicle access process in the SAGIN-based
vehicular networks. The main contributions are summarized
as follows:

• The paper designs a knowledge-driven access selection
approach for SAGIN-based vehicular networks. This
method solves the problem of vehicular service transmis-
sion in remote mountainous area, desert or other areas
only covered by ground BSs.

• This paper introduces the space-time correlation knowl-
edge to effectively avoid the influence of adjacent channel
interference on vehicle access selection and designs a
reward function by using the mathematics knowledge to
solve the sparse reward problem.

• The algorithm can speed up the network convergence
speed by setting different learning rates for each sub-
net of the asynchronous advantage actor-critic (A3C)
algorithm and the access selection method can reduce the
total convergence delay through integrating knowledge.

The reminder of the paper is organized as follows. In
Section II, the access problem is formulated to minimize the
total delay of vehicle task transmission. The knowledge-driven
vehicle access algorithm is designed in Section III. Section IV
presents the numerical results. Finally, conclusions are given
in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

This section first introduces the system model. Then the
communication rate model and the vehicle access delay model
of vehicle access network are described.

A. System Model

The network model is shown in Fig 1. The network deploys
ground BSs, UAVs and LEOs to achieve full coverage of the
SAGIN and provide stable transmission services for vehicles.
Assuming there are K vehicles, n selectable access networks,
including N UAVs, M BSs, and 1 LEO. K represents the set
of the vehicles. Then the set of the available access networks
is N, which consists of the set of UAV {1, 2, ..., N}, the set of
BS {1+N, 2+N, ...,M +N}, and the set of LEO {1+N +
M}. Taking the processing capacity of UAVs, BSs, and LEO
satellite into account, the vehicle needs to select the access
network to reduce the service delay [9].

For each vehicle, a new task with different requirements will
be generated in each time slot. Due to the limited computing
capacity of the vehicle, it is necessary to transmit tasks to

UAV

Satellite 

Delay-sensitive task

Rate-sensitive task

Simple task UAV: controllable trajectory, but limited computing capacity

BS: high computing capacity, but limited coverage

LEO: wide coverage area, but the propagation delay cannot be ignored

Space 

Air 

Ground  

BS Network switching Network switching

Fig. 1: The considered SAGIN-based vehicular networks.

the cloud for processing. Since the data transfer rate may be
lower than the data generation rate, there is a storage unit with
limited memory capability to cache tasks. In this paper, all
vehicles are assumed to be equipped with one antenna, namely
only one task can be transmitted at a time for each vehicle.
Meanwhile, different types of vehicle tasks have different
latency requirements and are randomly generated. The services
that are transmitted in this paper mainly include three types,
namely, delay-sensitive task, rate-sensitive task, and simple
task. The delay and rate requirements of different tasks are
shown in Table I.

When a new task is generated in a vehicle, the vehicle first
needs to store the task locally in its storage unit. And all tasks
in the storage unit are assumed to form a queue and the task
that arrives first will be transferred first. A newly generated
task will be dropped if the queue of tasks is too long that even
transmitting the task with the highest rate, the processing delay
is also higher than the delay requirement.

TABLE I: TASK TYPES AND PROPERTIES

Task type Delay Rate requirement
Delay-sensitive task 30ms 10Mbps
Rate-sensitive task 2000ms 10Gbps

Simple task 3000ms 1Mbps

In this case, assuming the size of the arriving task of the
k-th vehicle in the time slot t is ρ and the number of tasks is
Ak(t). In this paper, Uk(t) is defined as the total amount of
task data transmitted by the k-th vehicle at time slot t. At the
same time, the amount of data stored locally in the k-th vehicle
is set as the queue Qk(t) [10]. αk,n,f (t) indicates that the k-th
vehicle choose the f -th sub-channel of n-th access network at
time slot t. J is defined as the number of sub-channels with
the set J [11].

B. Communication Rate Model

1) Vehicle-UAV Link: When adopting the vehicle-UAV data
transmission model, in consideration of the high-speed mo-
bility of vehicles and UAVs will cause rapid changes in the
channel state, this paper ignores small-scale fading and only
considers large-scale channel fading [12]. So for the k-th
vehicle, the path loss of the vehicle-UAV link can be calculated
as

Lk(t) = 20 log

(
4πvk(t)

√
h2
k(t) + r2k(t)

c

)
+P LOS

k (t)ηLOS
k (t) + (1− P LOS

k (t))ηLOS
k (t),

(1)
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where rk(t) represents the horizontal distance between the
k-th vehicle and the UAV access network, hk(t) represents
the flying height of the UAV, vk(t) represents the carrier
frequency, c represents the speed of light. ηLOS

k (t) and ηNLOS
k (t)

represent the additional loss generated in the free-space path
loss of line-of-sight (LOS) links and non-line-of-sight (NLOS)
links of the k-th vehicle, respectively, meanwhile, both of them
are variables determined by environmental information. And
for the k-th vehicle, the probability of LOS in the vehicle-UAV
link is

P LOS
k (t) =

1

1 + aexp
{
−b
[
arctan(hk(t)

rk(t)
)− a

]} , (2)

where a and b are also variables determined by the environ-
ment. Therefore, the signal-to-noise ratio (SNR) of the vehicle-
UAV link for the k-th vehicle, which chooses the f -th sub-
channel of the n-th access network at time slot t, can be
calculated as

γk,n,f (t) = αk,n,f (t)
P TX
k (t)10−

Lk(t)

10

δ2 + δinterf
, n = 1, 2, ..., N, (3)

where PTX
k (t) is the data transmission power of the k-th

vehicle, and δ2 is the additive white Gaussian noise power.
δinterf represents the out-of-band power leakage caused by
inter-carrier interference and in general, and the value of
leakage is 1% to 5% of the transmitted power. Due to the
fact that each sub-carrier of the access network can be only
allocated to at most one vehicle, so for the k-th vehicle, we
have

0 ≤
∑
k∈K

αk,n,f (t) ≤ 1, αk,n,f (t) ∈ 0, 1,∀f ∈ J, t ≥ 0. (4)

2) Vehicle-BS Link: When the k-th vehicle selects the f -th
sub-channel of the n-th access network in the time slot t, the
SNR of the vehicle-BS link is

γk,n,f (t) = αk,n,f (t)
P TX
k (t)Gk,n,f (t)

δ2 + δinterf
,

n = N + 1, N + 2, ..., N +M,

(5)

where Gk,n,f (t) is the uplink channel gain of the vehicle-BS
link in the time slot t.

3) Vehicle-Satellite Link: For the k-th vehicle on the f -th
sub-channel in the n-th access network at time slot t, the SNR
of the vehicle-to-satellite link can be calculated as follows,

γk,n,f (t) =

αk,n,f (t)
P TX
k ((t)GG,n,f (t)Grsd,f (t)Lk,fn,f (t)Lk,rn,f (t)

δ2 + δinterf
,

n = N +M + 1,
(6)

where GG,n,f (t) is the uplink channel gain of the vehicle-
LEO link in the time slot t, Grsd,f (t) is the gain of the LEO
receiving antenna, Lk,fn,f (t) and Lk,rn,f (t) are the free space
loss and the atmospheric attenuation between the LEO and the
ground BS [13], respectively.

C. Vehicle Access Delay Model

Delay is an important data indicator in this paper. The total
delay in the network access process consists of three parts:
queue delay, computation delay and uplink transmission delay.

1) Queue Delay: During the driving process of the vehicle,
it is necessary to store the services for transmission, so there
will be many tasks waiting to be processed in the local storage
unit of the vehicle. According to the little theorem, the queue
delay is equal to the ratio of the average queue waiting amount
of the task data to the average arrival rate. From this, the queue
delay in the local storage unit of the k-th vehicle is

τQk (t) =
Qk(t)

Ãk(t)
, (7)

where Ãk(t) is the average arrival rate of the k-th vehicle
buffer data.

2) Computation Delay: Computation delay is equal to the
ratio of the processed task size to the computing capacity of the
vehicle. Define λ as the computational complexity, that is, the
number of CPU cycles required to process 1-bit service data,
so that the computation delay of the k-th vehicle processing
the task in the time slot t is

τ comk (t) =
Uk(t)λ

f̃ck(t)
, (8)

where f̃ ck(t) is the central processing unit (CPU) frequency
of the k-th vehicle in the time slot t.

3) Uplink Transmission Delay: The uplink transmission
delay depends on the size of the transmitted task, the rate of
the uplink transmission as well as the available transmission
resources. The vehicle transmits the vehicular task to the UAV
or BS through the orthogonal sub-channel. Assuming that the
channel bandwidth is B0, according to the Shannon formula,
the maximum achievable data transmission rate of the k-th
vehicle on sub-carrier f in access network n in the time slot
t, the sum rate of the k-th vehicle and the amount of task data
that can be transmitted are respectively expressed as

Rk,n,f (t) = αk,n,f (t)B0log(1 + γk,n,t), (9)

Rk(t) =
∑
n∈N

Rk,n(t) =
∑
n∈N

∑
f∈J

Rk,n,f (t), (10)

utra
k (t) = min {Qk(t) + ρAk(t), Rk(t)τ} , (11)

where τ is the slot length. Then the transmission delay of the
k-th vehicle in the time slot t is

τ trak (t) =
Uk(t)

Rk(t)
= min

{
Qk(t) + ρAk(t)

Rk(t)
, τ

}
. (12)

The uplink transmission delay of the satellite consists of
two parts, which are the delay from the uplink transmission
of the vehicle to the ground BS and the ground BS to the
satellite. The data transmission rate and delay of the ground
BS for the k-th vehicle can be respectively calculated as

Rprog
k (t) =

∑
n∈N

∑
f∈J

αk,n,f (t)Bclog(1 + γk,n,f (t)),

n ∈ {N +M + 1},
(13)
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τprogk (t) =
Uk(t)

Rprog
k (t)

, (14)

where Bc is the bandwidth of the ground BS-satellite link
and τprogk (t) is the delay of the uplink transmission from the
ground BS to the satellite. The achievable data transmission
rate of the satellite link in the time slot t is the bandwidth of the
satellite link. Therefore, at time slot t, the total delay for the
k-th vehicle to choose access network for service transmission
is

τk(t) =


τQk (t) + τ trak (t)
+τ comk (t), n ∈ {1, ..., N,N + 1, ..., N +M},
τQk (t) + τ trak (t) + τ comk (t)
+τprogk (t), n ∈ {N +M + 1},

(15)
The network access decision in each time slot can seriously

affect the service transmission delay. The optimization objec-
tive studied in this paper is to minimize the total delay of the
vehicle, and the optimization factor is the selection set of the
access network. The problem can be expressed as Equation
(16a-c), with P1 denoting the optimization objective,

P1 : min
{αk,n,f (t)}

lim
T→∞

1

T

T∑
t=1

1

K

K∑
k=1

τk(t), (16a)

s.t. C1 : 0 ≤
∑
k∈K

αk,n,f (t) ≤ 1, αk,n,f (t) ∈ {0, 1},∀f ∈ J,

(16b)
C2 : Rk(t) ≥ Rm

min, ∀k ∈ K,

∀m ∈ {type1, type2, type3}.
(16c)

where Rk(t) represents the data transmission rate of the k-th
vehicle at time slot t. And m is expressed as the task type,
type1, type2 and type3 mean the minimum data transmission
rate of the delay-sensitive task, the rate-sensitive task and
simple task, respectively. And (16a) is the objective function
that minimizes the time-average delay of all collected tasks of
K vehicles over T epochs. (16b) shows that each sub-channel
of the access network can be only allocated to at most one
vehicle and (16c) constrains the minimum data transfer rate
of the k-th vehicle.

III. KNOWLEDGE-DRIVEN VEHICLE ACCESS ALGORITHM
DESIGN

The real model of the considered SAGIN-based vehicular
network needs to be approximated gradually by learning and
the corresponding model is unknown. As a consequence, the
deep reinforcement algorithm are supposed to be an effective
method to solve the vehicle access problem in this paper. This
section firstly introduces the deep reinforcement algorithm and
then fine-tunes the learning rate of the A3C algorithm sub-
nets. Besides, we analyze the problems if A3C algorithm is
implemented directly and propose to integrate knowledge to
solve them.

A. Deep Reinforcement Learning Framework

Problem P1 can be reformulated as a Markov decision
process (MDP) , with three components ⟨s(t), a(t), r⟩, where

s(t), a(t), and r denote system state space, action space, and
reward function, respectively. For the aforementioned problem,
the state, action, and reward in the MDP model are formulated
as follows.

1) State: s(t) is the state space of the heterogeneous
network at time slot t, including channel state and the type
of vehicle transmission business.

2) Action: a(t)={αk,n,f (t)} is the action space of hetero-
geneous networks at time slot t, which specifically refers to
access network selection and sub-carrier selection.

3) Reformulated reward: r(t) is related to the total delay
of the k-th vehicle τk(t) and the data transmission sum rate
Rk(t). The reward value function is

r(t) =

K∑
k=1

w1τk(t) + w2Rk(t), (17)

where the weights w1 and w2 are proposed to describe the
emphasis of different service types, which represents the
weight of delay and the weight of data transmission rate,
respectively. For the delay-sensitive task, w1 = −1, w2 = 0.1,
for the rate-sensitive task, w1 = −0.1, w2 = 1 and for the
simple task, w1 = −0.1, w2 = 0.1. Set different values to
increase the difference in weights.

B. Asynchronous Advantage Actor-Critic Algorithm

Considering the complexity and the numerous configuration
parameters of the SAGIN-based vehicular networks, it is very
suitable to use A3C algorithm in vehicle access selection
network to improve efficiency and reduce convergence delay.
So, this paper utilizes an A3C algorithm to address vehicle
access network selection problem in SAGIN. In the A3C
algorithm, each sub-network will upload the learning results
to the global network after interacting with the environment,
and the global network will distribute the shared parameters
to each sub-network, and the sub-network will continue to
interact with the environment after obtaining the updated
parameters.

Although the A3C algorithm is a good match for this
network, as to be shown as follows, there are still some
issues to be addressed in the straightforward implementation.
In the vehicle access selection network, each access network
has multiple channels for vehicles to select. Between adjacent
channels of the access network, partial power will scatter in
the signal transmission process, which is related to the transmit
power that cannot be too small to be ignored. Therefore, this
paper must consider the influence of adjacent sub-channel
interference on the vehicle network access selection process.

Besides, in the early stage of training, due to the small
number of samples that the agent can obtain, it will cause
the problem of difficult training and inaccurate results. And
interacting with the physical network directly using the unre-
liable results runs the risk of degrading network performance.
Meanwhile, in the process of sample acquisition, the agent
needs to continuously interact with the environment, which
consumes a lot of general computing and storage resources in
terms of time and security. As a consequence, it is necessary
to solve the reward sparsity in reinforcement learning.
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C. Knowledge Integration
To address the issues in the training phase of the straight-

forward implementation, this paper proposes the knowledge-
driven vehicle access algorithm. Specifically, the integrated
knowledge includes 1) the space-time correlation knowledge
2) the mathematics knowledge. With the help of these knowl-
edge, the improved algorithm can not only solve the problems
caused by only applying A3C algorithm but also improve the
performance of the network.

TABLE II: KNOWLEDGE INTRODUCTION

Approach Knowledge Advantages Integration Problems

Channel
choice

Space-time
correlation
knowledge

Reduce
action
space

Improve
learning

algorithm

Inter-
channel

interference

Reward
reshape

Mathematics
knowledge

Accelerate
covergence

speed

Improve
learning

algorithm

Sparse
reward

1) Channel Choice: In order to reduce the interference of
adjacent channels, this paper proposes a method of channel
selection by using the relevant knowledge of communication.
When the vehicle selects the channel, it will select the channel
whose adjacent channels are all idle, until all the channels that
meet the requirements are selected. There will be a random
channel selected for access among the idle channels where the
adjacent channel interferes with the adjacent channel.

2) Reward Reshape: The reward design and learning
method adopted in this paper is to artificially set the reward
function. In the original algorithm, if the task fails to complete
the transmission in this time slot, even if it successfully
transmits part of the service in this time slot, the reward it gets
is still 0, and only when the transmission completes the whole
task will there be a positive reward. Exploring optimization
strategies by delaying rewards consumes a lot of time. To
address the reward sparsity problem, this paper applies reward
shaping in generating non-zero immediate rewards per time
slot. Referring [7], this paper also defines a potential function
Φ (dk(t)), and the agent will get a reward for falling from a
high potential to a low potential. The specific function is

r
′

k(t) = rk(t)− Φ (τk(t)) + γΦ (τk(t+ 1)) , (18)

where τk(t) is the delay of the k-th vehicle at time slot t and
the value of γ in this paper is 0.9. The potential-based function
Φ (τk(t)), a linear function, can be expressed as

Φ (τk(t+ 1)) =
Φmax − Φmin

τmin
τk(t) + Φmin, (19)

where τmin is a minimum delay bound, if the delay is smaller
than it, the reward of the system is zero. And the Φmax and
Φmin are artificially designed parameters.

To summarize, the knowledge-driven A3C algorithm is
outlined as Algorithm 1.

IV. NUMERICAL RESULTS

In this section, extensive numerical results are conducted
to evaluate the proposed knowledge-driven vehicle access
approch. Specifically, this section first elaborates on the pa-
rameter settings. Afterward, the performance evaluation of the
proposed method is carried out.

Algorithm 1 Knowledge-Driven A3C

1: Set the global shared parameter vectors θ and θv .
2: Set the specific parameter vectors θ̂ and θ̂v .
3: Initialize the parameters of the NNs, e.g. the learning rate

of the sub-nets.
4: Initialize the global counter N = 0.
5: Set the network to an initial state.
6: for N<Nmax do
7: Reset the gradients: dθ ← 0 and dθv ← 0.
8: Update the parameter vectors θ̂ = θ and θ̂v = θv .
9: Initialize the thread step counter n← 0 and n0 ← 0.

10: for k ≤ K do
11: Get the state s(t).
12: Calculate the SNR of the link from (1)-(6), where

δinterf depends on the number of the chosen
adjacent channels.

13: Choose action at from policy network π(an|sn; θ̂)
and execute the action.

14: Calculate the reshaped delay τ(t)
′

k from (19).
15: end for
16: Receive the reward r(t) from (17).
17: Update counter n← n+ 1, N ← N + 1.
18: Update vectors θ ← dθ and θv ← dθv .
19: end for

A. Parameter Settings

In the experiments, a straight road with a length of 60km
is considered, and 4 BSs, 2 UAVs, as well as 1 LEO are
interspersed on the entire road. The UAVs locate at 20km and
50km of the road respectively, flying at a constant speed and
a constant altitude. When one UAV flying two kilometers to
the end, a new one will immediately take off from the initial
position to ensure the stable communication function of the
UAV network. And other experiment parameters are listed in
Table III.

TABLE III: PARAMETER SETTINGS

Parameters Value Parameters Value
Number of RB 6 BS coverage radius 500m

UAV coverage radius 2km LEO coverage radius 30km
Vehicle speed 36km/h RB bandwidth 150K

UAV speed 72km/h UAV fight altitude 100m
Vehicle transmission

power 20dBm Vehicle channel
bandwidth 1MHz

LEO channel bandwidth 20MHz AWGN power -114dBm

B. Performance of the Network

1) The Impact of Modifying the Learning Rate: The initial
learning rate of the network is set to 0.0001. It can be seen
from Fig. 2 that the workers in the sub-network can finally
achieve convergence regardless of whether they follow the
same learning rate or different learning rates, but the workers
whose learning rate decreases according to the exponential of
0.9 have the fastest convergence speed.

2) The Impact of Knowledge Integration: In the experi-
ment, the vehicle access process adopts three ways to improve
the learning method: reward reshaping, channel selection and
changing the learning rate and the final result is shown in Fig.
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3. The learned reward value of the knowledge-driven training
algorithm is the highest. And the results show that integrating
knowledge can effectively reduce about 4% convergence delay
in the vehicle access process.
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3) The Impact of Different CPU Frequencies: Fig. 4 shows
the relationship between different CPU frequencies and re-
wards. As can be seen from the figure, the delay decreases
with the increase of CPU frequency. But latency does not
improve indefinitely with increasing CPU frequency. In this
simulation scenario, when the user’s computing frequency
rises to 2.4GHz, the delay curve tends to be stable and there
is no improvement. This is mainly because the total system
delay is composed of queuing delay, computation delay and
transmission delay. Increasing the computation frequency can
only reduce the computation delay, but has no effect on
queuing delay and transmission delay. Therefore, when the
computation frequency is high enough, the other two kinds of
delay dominate the total delay, and the delay does not change
with the increase of CPU frequency.

4) The Impact of Different Transmit Power: Fig. 5 illus-
trates the relationship between different transmit power and
reward. It can be seen from the figure that the delay decreases
with the increase of the transmit power. However, increasing
the transmit power does not affect the calculation delay and
transmission delay, so when the transmit power increases to a
certain extent, the total delay tends to converge and does not
change with the increase of the transmit power.

V. CONCLUSION

This paper has focused on how to minimize the delay of
vehicle service transmission service in the access selection
of vehicles in SAGIN-based vehicular networks. In detail,
an A3C-based knowledge-driven vehicle access approach has

been presented to optimize the access decision of the network
to improve the network performance by integrating the space-
time correlation knowledge and mathematics knowledge. Nu-
merical results have shown that the proposed knowledge-
driven approach outperformed the original method without
integrated knowledge in terms of access delay and network
convergence.
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