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Abstract. With the explosive growth in user numbers and business demands, the limitations of ground net-
work coverage have become increasingly prominent, and its limited resources are not enough to meet the 
overloaded access requests in hotspot areas. Considering the characteristics of satellites with wide-area cov-
erage, the rapid deployment of UAV lift-off base stations can effectively cope with the sudden changes in user 
demand and alleviate the load. Therefore, based on the Space-Air-Ground integration scenario, this paper 
improves and optimizes the Q-learning algorithm in network access decision-making with the help of the 
Metropolis criteria in the simulated annealing algorithm, improves the convergence speed of the algorithm, 
and realizes the access selection of heterogeneous wireless network. 
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1   Introduction

In recent years, the rapid development of wireless network technology has given rise to diversified application 
scenarios. Considering the differentiated service requirements and the heterogeneity of networks, multiple net-
works are required to integrate with each other so as to collaborate to guarantee the quality of user communi-
cations. In addition, the terrestrial mobile communication system, limited by network capacity and coverage, 
has been difficult to adapt and meet the ubiquitous demand for seamless full-coverage connectivity services in 
modern society [1]. In some hot spots, such as large stadiums, concerts and other crowded places, the limited 
communication resources of the network will not be able to cope with the overloaded access requests, which will 
easily cause network congestion, communication paralysis and other serious consequences. At the same time, 
sudden natural disasters may destroy the normal communication of the infrastructure, making it difficult for users 
to carry out timely communication services.

In view of the challenges faced by terrestrial mobile communications, in order to break through the limitations 
of traditional networks and optimize the overall communication performance, the Space-Air-Ground Integrated 
Network (SAGIN) is formed based on the terrestrial network and the introduction of satellites and un-manned 
aerial vehicles (UAVs) to improve the adaptability in a variety of complex communication scenarios, which is 
regarded as a key trend in the future development of communication [2, 3]. The Space-Air-Ground integrated 
network mainly consists of three parts: space-based, air-based and ground-based. Its structure is shown in Fig. 1. 
Satellite networks can provide ubiquitous communication services to a large number of terminals. In aerial net-
works, high-altitude platforms and drones can serve as relays to improve long-distance communications and flex-
ibly meet business needs. Terrestrial networks can provide users with real-time and high-speed communication 
services within limited coverage. The integration of space and space can provide wide area coverage, flexible 
mobility, and safe and reliable services, which is an inevitable trend in the development of heterogeneous wire-
less networks (HWNs).

Different types of wireless networks have their own performance characteristics, such as significant differenc-
es in latency, mobility support and reliability. The uniqueness and complementarity of each RAT is utilized to 
provide multiple access networks and multiple network services for a large number of user devices [4]. Although 
heterogeneous fusion networks are capable of supporting large-scale data transmission requirements, the surge in 
data requests can cause network congestion, and the distribution of different resources in the network is usually 
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managed in a dynamic manner. Therefore, the design of efficient and intelligent access selection strategy not only 
has important theoretical value, but also has far-reaching significance for improving the performance of wireless 
communication system and optimizing the user experience. How to choose the right network for users to access 
to ensure the optimization of communication quality and user experience, and realize the load balance of the net-
work at the same time, has also become a hot spot of current research.

Fig. 1. Space-Air-Ground integrated structure diagram

Intelligence is an important feature of the 5G network, and the application of AI techniques in HWN can pro-
vide a new way of thinking for network access algorithms, making network access algorithms more efficient and 
intelligent. Different from the necessity of manual collection and annotation of samples in supervised learning, 
Reinforcement Learning (RL), as an important element in the field of AI and Machine Learning, has the ability 
of agents to make trial and error in their environment, so as to gradually master and achieve the action strategies 
required for the set goals [5]. Therefore, RL, with its excellent self-learning and adaptive capabilities, has been 
widely used in the selection of Vertical Handoff (VHO) strategies in heterogeneous wireless network environ-
ments [6].

Q-learning uses the interaction between the agent and the environment to iteratively learn the optimization 
strategy, so as to achieve the optimization goal. It can effectively solve the network selection problem in the het-
erogeneous network environment, and has been widely used. References [7] and [8] are based on traditional RL 
algorithms for access selection. In [7], the researcher proposed an intelligent handover scheme driven by Quality 
of Experience (QoE) in view of the characteristic of rapid changes in satellite networks. This scheme solves the 
optimization problem involving multiple metrics through RL to reach the best satellite network switching choice. 
In [8], based on the multi-armed bandit model, different reward functions are designed by distinguishing between 
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real-time and non-real-time user services, which helps to maximize the long-term benefit of the network and di-
rects users to connect to the most appropriate network. In [9], a dynamic network selection algorithm based on 
QoE is proposed for QoE and network energy consumption by using the online dynamic learning characteristics 
of Q-learning method and considering user QoE, network energy consumption and handover time comprehen-
sively. The algorithm can dynamically select the network, obtain the maximum user QoE, and optimize the net-
work energy consumption and handover time.

Q-learning algorithm, as a classical algorithm in RL, has achieved remarkable results in practical applications, 
but it also has some limitations, such as easy to fall into local optimal solution and low learning efficiency. In 
order to improve these shortcomings, researchers have proposed a variety of improved methods combined with 
Q-learning algorithm or the distributed Q-learning algorithm. In [10], a handover decision algorithm combin-
ing TOPSIS and Q-learning is proposed. TOPSIS is used to reduce the size of the action space in Q-learning. 
Simulations show that the proposed algorithm enhances the handover performance and has scalability. In [11], an 
online multi-agent Q-learning algorithm is proposed for performing real-time load balance, user association and 
handover in dense cellular networks. The algorithm has the characteristics of low complexity and fast conver-
gence, which can adapt to the dynamics of the network and reduce the handover frequency in real time. In [12], a 
multiagent Q-learning network selection algorithm based on Nash multiagent Q-learning is proposed, which can 
learn the joint optimal selection policy to improve system throughput and reduce user blocking while ensuring 
the requirements of IoT services. In [13], a joint relay selection and access control scheme based on distributed 
Q-learning is proposed for IoT-oriented satellite terrestrial relay networks with massive IoT devices and multiple 
relays. In [14], a novel RL method is investigated to reduce the handover failure problem by learning the current 
policy action to determine whether a fast moving vehicle needs to be handed over or not. In addition, it combines 
fuzzy logic and graph hierarchical structure to select the correct network, so as to select an efficient and suitable 
network on the vehicular communication, eliminating the difficulty of network selection.

For network selection in different application scenarios, the traditional RL algorithm has been improved and 
extended, and deep reinforcement learning (DRL) has been widely adopted. In [15], a DRL scheme based on 
UE-driven is proposed, in which a centralized agent deployed on the backhaul side of the NT-BS is responsible 
for training the parameters of the deep Q-network (DQN), and each UE independently makes its own access de-
cision based on the parameters of the trained DQN. With the proposed scheme, each UE is able to intelligently 
access the appropriate non-terrestrial base station (NT-BS) to improve the long-term sys-tem throughput and 
avoid frequent handovers among NT-BSs. In [16], a new DRL model is proposed for solving the network selec-
tion problem, aiming to optimize the delivery of healthcare data in heterogeneous healthcare systems in order to 
minimize the transmission energy consumption and latency while meeting the QoS requirements of various ap-
plications. In [17], aiming to improve the QoS for cognitive users, an online network selection method of CRNs 
with multiple primary networks based on DRL is proposed based on the RL method and the dynamic spectrum 
access results of cognitive radio in a single primary network environment. In [18], a network selection system 
model in SAGIN is designed and a network selection algorithm based on evolutionary game is proposed to study 
the autonomous decision-making process of network selection. In addition, a network selection algorithm based 
on deep deterministic policy gradient is proposed to deal with continuous and high-dimensional action spaces. In 
a comprehensive comparison, the algorithm is superior to the repeated game and PPO algorithm.

Although the existing network access selection algorithms are effective in improving user experience to a 
certain extent, most of them only focus on optimizing the specific performance of the network system in a single 
service type scenario, or simplify the characteristics of different services, ignoring the differentiated service re-
quests. And they fail to fully consider the state of the network at the next moment and the long-term return, and 
easily fall into local optimal solution. And most of them are for static environment, do not have dynamic adapt-
ability, can not adapt to the development of intelligence and difficult to realize the full use of network resources. 
Some of the algorithms are more complex and require a large amount of data and computational resources during 
the training process, especially for complex tasks where the training time and cost increase significantly.

SAGIN has the advantages of wide coverage, high throughput and strong elasticity, which can meet a variety 
of services and applications with different quality of service requirements in different scenarios. The emergence 
of the SAGIN structure effectively addresses the shortcomings existing in the current field of wireless commu-
nication. Therefore, in this paper, an access selection algorithm based on simulated annealing and Q-learning is 
proposed for the access selection problem in the SAGIN heterogeneous network scenario. The contributions of 
this paper are summarized as follows:

(1) The Heterogeneous Networks (HetNet) system model and end-user mobility model are established, and a 
variety of 5G new service requirements are considered. The access selection is modeled as MDP, and the network 
state is described as different service types and the status of each network resource, where the network resources 
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are not completely evenly divided to make a more detailed judgment when the network resources tend to be satu-
rated.

(2) In order to balance the QoS requirements of users and the network load, the reward function is constructed 
by using the Analytic Hierarchy Process (AHP) and Gray Relation Analysis (GRA).

(3) The Metropolis criterion in the simulated annealing algorithm is used to dynamically adjust the action de-
cision of the agent under multi-network overlap, and the network access selection mechanism of Q-learning is 
optimized, in order to avoid falling into the local optimum. Thus, the intelligence of access selection is realized.

The rest of the paper is organized as follows: Section II describes the HetNet system model and the channel 
model. Section III describes in detail the access selection algorithm flow for the heterogeneous wireless network 
combining simulated annealing and Q-learning. Section IV evaluates and analyzes the performance of the pro-
posed algorithm through simulation experiments. Finally, the paper is summarized.

2   System Model

2.1   Heterogeneous Network Model

As shown in Fig. 2, LEO, UAV, LTE-A (MBS) and 5G micro base station (SBS) constitute a scenario of space-
to-earth heterogeneous wireless network coexistence, in which the gray area is a hot spot area. Considering the 
large coverage of the satellite, it is assumed that its position remains unchanged at a fixed altitude in the center 
of the network area; The drone is equipped with a mobile base station and moves back and forth along a specific 
trajectory at a fixed height in the hotspot area; Assuming that the user terminals are all multimodal mobile termi-
nals, with an initial random distribution and randomly changing the direction of motion at regular intervals; The 
ground base station consists of LTE-A and 5G micro base stations. In addition, four new 5G services were con-
sidered, namely 4K/8K high-definition video service, telemedicine service, big data collection service and office 
automation service. Different business types not only have different requirements for network attributes such as 
latency and packet loss rate, but also have varying degrees of requirements for security and support for mobility. 
Fig. 3 depict the specific requirements of the four new 5G services mentioned in this paper in terms of latency, 
reliability, security, and mobility. Among them, 0-5 represents the degree of requirement for the attribute, and the 
larger the value, the stricter the requirement for the attribute. Considering the large number of users in hot spots 
and the most complex network selection, this paper mainly analyzes the user access selection in hot spots.

Fig. 2. Heterogeneous network model
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Fig. 3. Attribute requirements for four new 5G services

2.2   Channel Model

In the network discovery phase, users move within the network coverage area and periodically collect network 
reception signals. When the signal strength received by the network is higher than the specified threshold, it 
means that the network can provide normal business services to users, and vice versa. The user received power 
Pr is calculated as follows

.r tP P PL= − (1)

Among them, Pt is the transmit power of the base station, and PL is the path loss value.
Assume that the simulation scene in this paper is located in a suburban hotspot area, and different signal prop-

agation models are used to consider the performance of various communication equipment. Since ground base 
stations are arranged in suburban areas and the communication distance between satellites and ground equipment 
is usually long, the line-of-sight communication environment can usually be described by the free space loss 
model [19], so consider using this model to evaluate the coverage and signal quality of satellite platforms and 
ground networks; Considering that UAVs usually fly in the air and are greatly affected by factors such as terrain, 
vegetation, weather, etc., their path loss model is composed of two parts: free space loss and additional loss. Due 
to the complexity of real-world scenarios, it is difficult to distinguish whether the channel belongs to a line of 
sight link or a non line of sight link. Therefore, considering the average path loss, the calculation formula is as 
follows

.LoS LoS NLoS NLoSPL P PL P PL= × + × (2)

1.LoS NLoSP P+ = (3)

Among them, PLoS is the probability of line-of-sight transmission, and NLoSP  is the probability of non-line-
of-sight transmission. PLLoS and PLNLoS are the path losses corresponding to the two channels respectively. Their 
calculation formula is as follows
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Among them, fc is the carrier frequency, c is the speed of light, ηLoS and ηNLoS are the additional losses corre-
sponding to the two channels.

According to the International Telecommunications Union definition, PLoS can be represented by the following 
probability function

( )( )
1 .

1 exp arctanLoSP
a b aθ

=
+ ⋅ − ⋅ − (6)

arctan( ).h
r

θ = (7)

Among them, parameters a and b are determined by the environment, θ is the elevation angle, h is the height 
of the drone, and r is the horizontal distance from the drone to the terminal.

Table 1. Comparison table of different environmental parameters

Suburbs City
a 4.88 9.61
b 0.43 0.28

LoSη 0.1 1

NLoSη 21 20

The final average path loss PL can be expressed by the following formula, where the specific parameter values 
are shown in Table 1.

( )( ) ( )2 2 410log 20log 20log .( )
1 exp

LoS NLoS
c NLoSPL h r f

ca b a
η η π η

θ
−

= + + + + +
+ − − (8)

3   An Access Selection Algorithm for the Heterogeneous Wireless Network Combining 
Simulated Annealing and Q-learning

3.1   Design of the Network Selection Scheme Based on Q-learning

Q-learning is a model-free reinforcement learning algorithm that does not require complete knowledge of the en-
vironment, and constantly learns how to effectively match states with actions through trial and error to maximize 
returns, with greater versatility and a wide range of applications. In Q-learning, Q(s, a) represents the sum of the 
reward obtained by performing action a in the current state s and the expected discounted reward from subse-
quent decisions. In the case of unknown reward function or state transition probability, the agent only considers 
each available action a in the current state s, uses the reward value obtained after executing the action to calcu-
late the Q value of the action and updates the Q matrix. Afterwards, the intelligent agent continuously tries and 
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learns, iteratively optimizing the Q-matrix until all elements converge. Finally, regardless of the starting state, the 
agent can successfully achieve a specific goal based on the converged Q matrix. According to the Markov state 
transition model, the Q-value iteration formula is as follows
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Among them, R(s, a) is the mathematical expectation for immediate return rt, and P(s, a, s' ) is the probability 
of transitioning to the next state s' after executing action a in state s. The optimal value action function Q*(s, a) 
for the Q function is shown below.

( ) ( ), ,

( , ) ( , , ) ( , ).
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∗
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According to the principle of Bellman optimality, the state value under the optimal strategy should be equal to 
the expected benefit of taking the optimal action in that state. In other words, once Q*(s, a) is obtained, the opti-
mal strategy for a given arbitrary state s∈S is to choose the action that maximizes Q*(s, a).

( , ), .
a A

argmaxQ s a s Sπ ∗ ∗

∈
= ∀ ∈ (11)

Q-learning updates the action value function, and its update rules are as follows

( )( , ) 1 ( , ) ( ( , ) ( , ))
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Among them, α is the learning rate, with a value ranging from 0 ≤ α ≤ 1, which determines the proportional 
relationship between newly acquired experience and current experience. If α is 1, it means that the agent only 
pays attention to the latest information and ignores previous experience or knowledge; When α is 0, it means that 
the agent will not learn. a' is the set of feasible strategies in the new state.

In heterogeneous wireless networks, different access technologies have their own characteristics, and they 
jointly provide users with more extensive and flexible access options. Multi-attribute decision making aims at 
comprehensively evaluating multiple unrelated attributes of the same object, so as to realize a comprehensive 
consideration of the performance of the object. Therefore, in this paper, after using the multi-objective deci-
sion-making method based on AHP to obtain the network attribute weights, GRA is introduced to enhance the 
objectivity of AHP decision. GRA is a technology specially proposed to deal with the problems of incomplete 
information and uncertainty in the decision-making process [20]. It uses the “gray correlation degree” index to 
evaluate the degree of similarity and difference between factors in the dynamic process. In this theory, the inter-
dependence between factors is quantified by correlation, meaning that the greater the similarity, the more related 
factors.

(1) Construct a multi-attribute decision matrix
By collecting the delay, packet loss rate, mobility support and security of each candidate network, an m×n de-

cision matrix D is constructed. The structure is as follows
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In the above formula, dmn represents the value of attribute n in network m.
(2) Network parameter normalization
By transposing the multi-attribute decision matrix D, the comparison matrix D' is obtained. Since the units 

of each attribute of the network are different, in order to eliminate the dimensional effects of different attributes, 
the matrix D' is normalized. According to the expected value of network attributes, these attributes are divided 
into two categories: benefit type and cost type. Benefit indicators tend to be better for larger values, while cost 
attribute indicators are based on the criterion of smaller values. Here, the minimum-maximum method is used to 
normalize these two types of parameters.
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Among them, aij represents the normalized value of the corresponding attribute element.
(3) Calculate the correlation coefficient to determine user preferences for different business types
By taking the maximum value of the benefit attribute index and the minimum value of the cost attribute index, 

the optimal value of each attribute index in each candidate network is determined, and the reference sequence 
element value is obtained.

{ }0 , 1, 2,..., ; 1, 2,..., .j iji
a max a i m j n= = = (16)

{ }0 , 1, 2,..., ; 1, 2,..., .j iji
a min a i m j n= = = (17)

The gray correlation coefficient is calculated through the absolute value, minimum value and maximum value 
of the difference between each attribute element and the reference sequence element.

0 0

0 0
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j ij j iji j i j

j ij j iji j

min min a a max max a a
R i m j n

a a max max a a

λ

λ

− + −
= = =

− + −
(18)

In the formula, λ is the discrimination coefficient. The smaller its value, the greater the difference between cor-
relation coefficients. Its value is usually set to 0.5.

Use AHP to calculate the weight of network attributes under different services, then use GRA to calculate the 
correlation coefficient between candidate network attributes and ideal network attributes, and weight the network 
preferences of users of different business types to improve the objectivity of AHP decision-making to a certain 
extent.

Q-learning is a value based reinforcement learning algorithm that focuses on learning optimal decisions 
through the interaction between agents and the environment. In heterogeneous network scenarios, the Q-learning 
algorithm is introduced into the problem of network access selection, allowing the agent to dynamically perceive 
the current terminal device status and network environmental conditions, including signal quality, network con-
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gestion, battery life and other factors. Through learning and analysis, the agent can adaptively learn and decide 
the optimal network access or handover strategy. Integrating Q-learning into heterogeneous network access se-
lection can greatly simplify the user’s network access process and effectively improve the management efficiency 
of the entire network system and the user experience. The core elements in reinforcement learning algorithms 
include state, action and reward function. Therefore, when designing an access selection algorithm based on rein-
forcement learning, the key step is to clearly define the state space S, action space A, and reward mechanism R.

(1) State space S
In addition to selecting the appropriate network for users and optimizing load balancing, the network access 

selection algorithm also needs to consider the differences in user business needs. Therefore, when expressing the 
environmental status, in addition to using the load occupancy rate of the network, the user terminal business sta-
tus is also added. The system state can be defined as

{ }, .S B L= (19)

Among them, B represents the type of service currently requested by the user terminal, including 4K/8K 
high-definition video service, telemedicine service, big data collection service and office automation service. 
L represents the quantified value of the current usage of each network resource. Users will make correspond-
ing network selections under different network loads based on the service type of the call. This paper considers 
non-completely uniform division of network load, with the purpose of achieving more refined judgment when 
network resource occupation is close to saturation, so as to make reasonable network choices. As shown in Table 
2.

Table 2. Network load quantification level

Network load
10,
3

 
 

1 1,
3 2
 

 

1 2,
2 3
 

 

2 7,
3 9
 

 

7 8,
9 9
 

 

8 ,1
9
 
  

Quantitative level 1 2 3 4 5 6

(2) Action space A
At each decision-making moment, the user terminal will make network access choices based on its own needs 

and network conditions. Define A as the set of all selectable actions.

{ }1 2, .iA a a a=  (20)

Where ai represents the current user terminal’s choice to access network i.
(3) Reward function R
In the Q-learning algorithm, the reward value is a signal that evaluates the quality of network selection ac-

tions in a given state. Therefore, the design of the reward function is a core part of the reinforcement learning 
algorithm. In order to characterize network QoS more reasonably and comprehensively, this paper selects four 
parameters: network delay, packet loss rate, mobility support and security. In addition to considering the prefer-
ences of different services, the load balancing of the network is also taken into consideration. If at the network 
access selection moment, the available resources of the network meet the business requirements, the user termi-
nal successfully accesses or switches to the network; Otherwise, it indicates that the access or handover fails, and 
the user terminal maintains the original connection. If the user terminal has left the coverage of the original con-
nection at this time, the access will fail and the access selection will be made again until the next decision time. 
Therefore, the reward function is defined as follows

( )
4

1
Access network

 

,   
,

0,  Access failed.

k
i j ij

ji

l w i
r s a

ρ
=


×= 
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∑ (21)
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Among them, r(s, ai) represents the reward value for choosing to access network i. li is the ratio of the avail-

able resources of network i to the total resources; 
4

1

k
j ij

j

w ρ
=
∑  is the preference value of business k for network i, 

wj is the weight of attribute j obtained by using AHP, ρ is the correlation obtained by gray correlation analysis 
coefficient.

In order to evaluate the long-term return value of the overall network access selection or switching of the sys-
tem, the cumulative utility ua is defined as

( ), .a n i
t n

u r s a= ∑∑ (22)

Among them, t represents the various decision moments when the system performs network access selection 
or switching, and n represents the business calls that exist at the decision moment.

3.2   Strategy Update Mechanism Based on Simulated Annealing

The simulated annealing algorithm is a heuristic stochastic optimization algorithm derived from Monte-Carlo it-
eration. Its idea was first proposed by the American physicist Metropolis in 1953. During the search process, the 
local optimum is overcome with a certain attenuated probability, thereby gradually tending to the global optimal 
solution. The principle comes from the process of cooling an object after it heats up.

The algorithm concept of simulated annealing is abstracted from the annealing phenomenon in physics. When 
an object is at high temperature, its internal molecules are in a more active disordered state. As the temperature 
gradually decreases, the molecules in the system begin to transform into an ordered structure, until a stable state 
is finally formed where the internal energy reaches the lowest level [21]. Based on such characteristics, this phys-
ical process is simulated and applied to the problem of finding the optimal solution to the mathematical objective 
function in a specific solution space. The internal energy of the object is simulated into the objective function 
value. The simulation process connects the high internal energy state of the material at high temperature with the 
disordered molecules. At this time, the algorithm has a higher probability of exploring the space to skip the local 
optimal point; As the temperature gradually decreases, the global random search ability weakens accordingly, 
while the ability to explore local optimal solutions is strengthened. The molecules in the system eventually turn 
to an orderly arrangement. This process corresponds to the algorithm finding the global optimal solution to the 
objective function.

The Metropolis acceptance criterion is the core mechanism for decision-making in the implementation of the 
simulated annealing algorithm. It receives the new state of the system according to a specific probability and is 
used to calculate the equilibrium properties of the physical system. The Metropolis criterion defines the internal 
energy probability of an object from state i to i' at a certain temperature T. The expression is as follows

( ) ( )
( ) ( )

( ) ( )

1 ,

, .

E i E i

P E i E i
exp E i E i

kT

′

′
′

 ≤
  = −

  >    

(23)

Where E(i) and E(i') are the internal energies in states i to i' respectively, k is Boltzmann’s constant, and 
T is the annealing temperature. It can be seen from the above formula that E(i) ≤ E(i'), the system accepts 
the new solution i with a probability of 1. On the contrary, the system will accept i with a probability of 

( ) ( )E i E i
exp

kT

′ −
 
  
 

.

The Metropolis acceptance criterion follows: At higher simulation temperatures, the system tends to accept 
new states as current values. As the temperature strategy is executed during simulated annealing, that is, the tem-
perature gradually decreases, Metropolis will reduce the probability of accepting new states.
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The selection of intelligent agent actions is the key to the learning process and also the core of heterogeneous 
network access selection. Q-learning algorithms usually adopt the ε-greedy strategy, which aims to balance the 
exploration and utilization of the agent in the action selection process. Generally speaking, as the number of iter-
ations increases, the Q value obtained by the agent becomes closer and closer to the optimal, and it is no longer 
reasonable to conduct large-scale exploration at this time. The parameters of the greedy strategy often cannot 
meet the needs of agents in different exploration stages. Therefore, this paper uses the idea of simulated anneal-
ing algorithm to dynamically adjust the action selection mechanism in heterogeneous network access selection.

(1) In the initial learning stage, actions are selected based on a random action strategy, and then actions are 
selected according to the Metropolis acceptance criteria in simulated annealing. First, the agent randomly selects 
the action ar, updates the exploration probability W according to the following formula and generates a random 
number δ. If δ < W is satisfied, the random action ar is selected. Otherwise, the optimal action ao is selected.

( , ) ( , )
.r oQ s a Q s a

W exp
T
− =  

 
(24)

( )0,1 .randδ = (25)

In the formula, Q(s, ar) represents the Q value obtained by the agent selecting action ar according to the ran-
dom action strategy in state s; Q(s, ao) represents the Q value obtained by the agent selecting the optimal action 
ao according to the Q table; T is the annealing temperature. The agent’s action selection probability vector is rep-
resented by p(i)(i = 1, 2, ..., n), then the probability of selecting the i -th action is as follows.

If the i-th action selected is not the best action corresponding to the largest Q value, the probability of being 
randomly selected is 1/n. Action ai is only selected by the agent when the condition rand(0,1) < W is satisfied, so 
p(i) = W/n.

If the i -th action selected is the action with the largest Q value in the current state, it is the optimal action. At 
this time, the probability value p(i) consists of two parts: first, when the i -th action is randomly selected with 
probability 1/n, that is, the Q value of the randomly selected action is equal to the Q value of the optimal action, 
then W = 1, p(i) = 1/n. Second, when the i -th action is not randomly selected, the corresponding W value is cal-
culated according to (24). Afterwards, when the condition rand(0,1) > W is met, the action selected by the agent 
is still the optimal action. At this time, the calculation formula of p(i) is as follows

1,

1,

1,

( , ) ( , )( , ) ( , )1 1( ) exp( ) 1 exp( )}

( , ) ( , )1 1 1 exp( )

( , ) ( , )11 exp( ).
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= ≠
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(26)

The expression for the probability p(i) of the intelligent agent choosing the i -th action can be derived as fol-
lows

( ) ( )

( )
1,

, ,11 exp( ),
( )

, ( , )1 exp( ), .

n
j i

i o
j j i

i o
i o

Q s a Q s a
a a

n Tp i
Q s a Q s a

a a
n T

= ≠

 −
 − =
= 

−
≠

∑
(27)

(2) Observe the reward value R, obtain the next state s', and update the learning parameters. Calculate the im-
mediate reward value R obtained after the agent performs the action, and update the annealing temperature T and 
learning rate.
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In the process of exploration and utilization by the agent, the annealing function determines the efficiency of 
the agent in exploring the optimal solution. The three classic annealing functions that affect temperature changes 
in the simulated annealing algorithm are algebraic, logarithmic, and exponential, and there is a slight gap in their 
annealing speeds. Among them, the logarithmic expression has a slower convergence speed, while the algebraic 
expression has a faster convergence speed. This paper uses the exponential annealing function.

0.
1

T T
k

λ
=

+
(28)

( ) 0 .
1

T T
log k

λ
=

+ (29)

0.kT Tλ= (30)

Among them, T0 is the initial temperature, T is the k -th annealing temperature, and λ is the temperature decay 
factor.

The learning rate represents the learning speed of the model and determines the difference between the current 
Q value and the newly obtained Q value. Its setting is crucial. If the setting is smaller, it means that the descent 
speed along the gradient is slower, which is helpful to ensure that no minimum value point is missed, but it also 
means that it takes longer for the model to reach a stable state; The higher the value is set, the more attention is 
paid to the newly obtained return value, and the gradient may fluctuate near the minimum value, even causing 
the model to fail to converge. Therefore, an adaptive learning strategy is obtained by improving the learning rate, 
which is a variable learning rate that gradually decreases as the number of learning iterations increases. α is large 
in the early stage of learning and small in the later stage of learning.

1 .
k i

α =
×

(31)

Where k is a constant and i is the number of iterations. As the learning process continues, gradually reducing 
the learning rate can ensure that the state space is fully traversed in the early stage and accelerate the conver-
gence of the algorithm in the later stage.

(3) Update Q value
According to the immediate reward obtained after the execution of the network selected action, the Q value 

corresponding to the combination of the current state and the selected action is updated. The update formula is as 
follows

1
1 1( , ) ( , ) ( ( , ) ( , ) ( , )).

t
t t t t t t t t t ta

Q s a Q s a r s a maxQ s a Q s aα γ
+

+ += + + − (32)

3.3   Algorithm Flow

The flow chart of the Simulated Annealing and Q-learning-based Heterogeneous Wireless Network Access 
Decision Algorithm (SQAD) in this paper is shown in Fig. 4. The specific process is roughly as follows: First, 
perform parameter initialization operations, including setting the Q value table to zero, setting the initial tempera-
ture Τ, initial learning rate α, discount factor γ, etc. Secondly, obtain the current status s, including network status 
and service characteristics of the user terminal. The first learning adopts a random strategy to select actions, and 
the subsequent learning process selects actions according to the Metropolis criterion, that is: in state s, select the 
action ar according to the random action strategy, and obtain the corresponding Q(s, ar); Select the optimal action 
ao according to the function Q and obtain the corresponding Q(s, ao). After that, a random number is generated  
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δ(δ(0,1)) and the exploration probability 
( , ) ( , )r oQ s a Q s a

W exp
T
− =  

 
 is calculated, and the corresponding ac-

tion is selected according to the size of δ and W at this time. If δ < W, the exploration operation is performed and 
the agent selects action ar. Otherwise, the optimal action is performed and the agent selects action ao. After the 
action is executed, an immediate return r is obtained, and at the same time, the movement change of the user ter-
minal and the network, the generation and end of the service call and the change of the network load are updated. 
Transfer to the next state s', update the annealing temperature T and learning rate, and then update the value func-

tion according to the optimal value of the next state * *( ) ( , )
a A

V s maxQ s a
∈

=  until the iteration to the final state.

Fig. 4. The flow chart of the SQAD algorithm

4   Simulation and Analysis

This paper studies the network selection and switching of users in hotspot areas. Assume that the user terminal 
can run multiple services, the arrival of user calls obeys the Poisson distribution with parameter 0.05λ = , the 
service time obeys the exponential distribution with a mean value of 60, and the user call service type obeys the 
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uniform distribution. Considering that ground base stations are susceptible to interference from terrain, buildings 
and other wireless signals; Satellites have a wide coverage area and can be used to provide global communica-
tion services. They are basically not affected by geographical environment, natural disasters, etc., and can ensure 
the stability and reliability of communications, especially in response to emergencies. In addition, it has high en-
cryption technology, but due to transmission distance, the delay is relatively large; Although UAVs have flexible 
mobility, their coverage is small and susceptible to factors such as mobility, flight environment, and signal inter-
ference. Therefore, the network attribute parameter settings in this paper are as shown in Table 3. The larger the 
attribute parameter value, the more obvious the corresponding attribute characteristics. The specific value can be 
adjusted according to the actual network environment. Other simulation parameters are shown in Table 4.

Table 3. Network attribute parameters

LEO UAV 5G micro base station
(SBS)

LTE-A
(MBS)

Security level 9 5 8 7
Delay (ms) 50 20 1 10
Packet loss rate level 1 7 2 4
Support mobility level 10 4 5 8

Table 4. Simulation parameter settings

Parameters Value
Maximum number of users 100
Capacity ratio of each network 1:1:1:1
Maximum number of iterations 100
Initial temperature 0T 100K

Initial learning rate 0α 0.5
Discount factor γ 0.8
Temperature attenuation factor λ 0.98

(1) Assume that the number of multi-mode mobile users in the hotspot area is 100, and user calls are made ev-
ery T=1s during the simulation process. The following is the convergence of the cumulative reward for 100 iter-
ations of the Q-learning access selection algorithm (QL) based on the ε greedy strategy and the SQAD algorithm 
in this paper.

Fig. 5. Cumulative reward chart
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It can be seen from Fig. 5 that the convergence trends of both algorithms gradually stabilize within a certain 
range as the number of iterative learning increases. The SQAD algorithm proposed in this paper improves the ac-
tion selection mechanism and conducts full exploration in the early stage of iterative learning to avoid falling into 
the local optimal solution, so the initial reward value is small. After completing the exploration of the environ-
ment, it quickly converged to an optimal strategy based on the cooling strategy. The reward value of the SQAD 
algorithm reached stability around 17 iterations. However, the QL algorithm tends to stabilize after about 40 
iterations, indicating that the SQAD algorithm has improved the convergence rate and reached the convergence 
value faster. That is, faster convergence is achieved by considering the overall long-term benefits. Therefore, the 
following focuses on comparing the proposed algorithm with other common access selection algorithms.

(2) Compare the SQAD algorithm mentioned in this paper with the AHP & GRA algorithm based on business 
preferences (AGP), Multi-Attribute Decision-Making Algorithm Considering Business Preference and Network 
Load (PLDM) and Random Access Decision Algorithm (RAD). The performance of the algorithm is evaluated 
from four aspects: the access failure rate, the cumulative utility, the proportion of each network access under dif-
ferent services and the average load occupancy rate of the network.

Fig. 6. Changes in access failure rate with different user numbers

Fig. 6 compares the changes in service access failure rate as the number of users changes among the four 
algorithms. Due to limited available network resources, the access failure rates of the four algorithms increase 
as the number of users increases. Due to the fact that the AGP algorithm only considers business characteristics 
and ignores network load conditions, and the same network may be the optimal choice for multiple services, it is 
easy for a large number of user terminals to simultaneously request the same network, resulting in access failure. 
Therefore, the AGP algorithm is the first to encounter access failure situations. The RAD algorithm has a ran-
domized access method and does not need to consider the requirements of business or network load. Therefore, 
its access failure rate is slightly lower than that of the AGP algorithm. The PLDM algorithm takes into account 
the business characteristics and network load, so its access failure rate is lower than that of both AGP and RAD 
algorithms. The SQAD algorithm starts to experience access failure only when the number of users reaches 80. 
This is because it not only takes into account the requirements of business characteristics and network load, but 
also learns a better action selection strategy through Q-learning in a dynamic environment to avoid access con-
flicts. Therefore, the access failure rate is smaller than the other three algorithms.
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Fig. 7. Changes in cumulative utility with different number of users

Fig. 7 shows the changes in the cumulative utility of the four algorithms as the number of users increases. 
When the number of users is small, the available network resources are sufficient, and the cumulative utility val-
ue is mainly determined by business preference requirements. Therefore, the cumulative utility values of PLDM, 
SQAD and AGP algorithms considering the business characteristics are not very different, but they are all higher 
than the RAD algorithm. However, as the number of users increases, the available network resources change. 
Both PLDM and SQAD algorithms comprehensively consider user QoS requirements and network load, while 
the AGP algorithm only considers a single factor, resulting in the cumulative utility of the AGP algorithm gradu-
ally becoming the lowest. After the number of users reaches a certain scale (around 60), the cumulative utility of 
each algorithm shows a downward trend. The reason is that the larger the user scale, the more network resources 
are occupied, which leads to a smaller proportional factor of available resources in the reward function, further 
reducing the overall cumulative utility value. The SQAD algorithm can dynamically adjust the access strategy 
according to the current network load, while taking into account the business characteristics, and can adaptively 
access to a more satisfactory network. Therefore, its cumulative utility values are higher than other algorithms.

Considering that both PLDM and SQAD algorithms take into account business characteristics and network 
load conditions, and as service calls arrive and leave, each network load changes dynamically. Therefore, the per-
formance of the two algorithms is analyzed by counting the average occupancy of each network load within the 
complete time period under different numbers of users.

Fig. 8 and Fig. 9 show the changing trend of the average load occupancy of each network with different 
number of users in the PLDM and SQAD algorithms respectively. When the number of users is 10 and 20, the 
network resources are relatively sufficient. Since LEO and SBS networks have higher weights for business char-
acteristics and can provide better services, users under both algorithms tend to choose LEO and SBS networks. 
It can also be seen from Fig. 9 that starting from the number of users of 30, the reduction of available network 
resources affects the access decision of the SQAD algorithm. The average load occupancy rate of the MBS net-
work with larger coverage increased significantly, and a small number of services began to access the UAV net-
work. When the number of users reaches 50, the MBS network with large coverage capacity begins to accommo-
date more service requests than the SBS network, while the PLDM algorithm only has services access the UAV 
network after the number of users reaches 40. Moreover, on the whole, the SQAD algorithm has stronger load 
balancing among all networks. This is especially obvious for the access situation of MBS and SBS networks. 
Therefore, compared with the PLDM algorithm, the SQAD algorithm can better improve the load of the network 
and fully use the resources of each network by balancing the number of network access users. To evaluate wheth-
er the SQAD algorithm still meets the QoS requirements of different services while balancing network loads and 
reducing access failure rates. Under the maximum number of users, the system dynamics is the most complex, 
the network available resources are the most poor, the statistics of different business types access to each network 
to analyze the performance of the algorithm.
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Fig. 8. Change trend of average load occupancy rate of each network in PLDM algorithm

Fig. 9. Change trend of average load occupancy rate of each network in SQAD algorithm

Fig. 10 shows the preferences of different service types for each network calculated by combining the AHP 
and GRA algorithms in this article. For 4K/8K high-definition video services, it is more sensitive to reliability 
and supported mobility, and the LEO network has the lowest packet loss rate and the highest mobility support 
level, so the LEO network is preferred, which is in line with reality. Telemedicine services and office automation 
services have high requirements on latency, reliability and security, and have low requirements on supporting 
mobility. The security and reliability of the LEO network are the best among the four types of networks, fol-
lowed by the SBS network. However, the delay of the LEO network is relatively large among the four types of 
networks, so the preferred networks for these two types of services are SBS, LEO, and MBS. LEO can support 
high mobility and SBS has the smallest latency, while the MBS network ranks second in both performance. The 
big data collection business is more concerned about latency, followed by its ability to support mobility, so the 
more preferred network ranking is SBS, MBS, LEO and UAV networks.

Fig. 11 shows the situation in which the four services in the SQAD algorithm access each network when the 
number of users is the largest. For 4K/8K high-definition video services, the LEO network access ratio is 0.68, 
which is much higher than the other three networks, thus meeting the network preference of 4K/8K high-defi-
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nition video services. The network load access ratio rankings of telemedicine services are SBS, MBS, LEO and 
UAV networks, and the network load access ratio rankings of office automation services are SBS, LEO, MBS and 
UAV networks respectively. This is because under the maximum number of users, there are many business calls, 
and the network resources are limited, resulting in greater resource competition. Based on the arrival of business 
calls, more access is made to the SBS network, which is the most preferred by the business, while the rest of the 
network chooses MBS and LEO networks with a larger coverage range. At the same time, in order to improve the 
access success rate under limited network capacity, the access rate of the UAV network has reached about 0.15%. 
Overall, the proportion of SBS network access in telemedicine services is close to 40%, which is in line with 
business preference requirements; For the office automation business, SBS and LEO network access proportions 
are larger, which is in line with the network preference ranking of this business. The big data collection business 
prefers SBS and MBS networks, and the algorithm with a higher proportion of access to this business is the MBS 
network with strong coverage ability, followed by SBS network, which is in line with reality and meets the QoS 
requirements of the business.

Fig. 10. Preference of different business types for each network

Fig. 11. The situation of four types of services accessing each network
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In summary, the proposed algorithm considers the long-term benefits and can select the appropriate network 
for users with different business requirements. In addition, it effectively reduces the network access failure rate 
and improves the network resource utilization to a certain extent.

5   Conclusion

This article proposes a network access selection algorithm based on simulated annealing and Q-learning in 
SAGIN. Firstly, the user mobility model and heterogeneous network system model are established. Considering 
the network preferences of various network QoS parameters and different business types, the MDP model is con-
structed, and the return function is constructed by hierarchical analysis and gray correlation analysis. Secondly, 
SA is combined with the Q-learning algorithm, and the exploration-exploitation probability value is dynamically 
adjusted through the Metropolis criterion in the simulated annealing algorithm to optimize the action selection 
mechanism of the agent in the heterogeneous network, avoiding the algorithm from falling into the local optimal 
solution, improving the convergence speed and stability. Finally, the performance of the algorithm is evaluated 
from four aspects: access failure rate, cumulative utility, network access proportion under different services, and 
average network load occupancy. The simulation results show that the algorithm proposed in this paper can meet 
business preference requirements to a certain extent, reduce the network access failure rate, and improve network 
resource utilization. However, due to the complexity of the current SAGIN architecture, the differentiation of ser-
vice guarantees for network users, and the dynamics of network resources, the development of the SAGIN is still 
restricted by many aspects.
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