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Abstract 8 

Under the background of the rapid development of network communication and satellite 9 

technology, multi-satellite online scheduling has brought many problems such as high labour 10 

costs, slow response speed, low task execution efficiency and low solution efficiency. How to 11 

effectively develop a real-time satellite scheduling scheme that can maximize the scheduling 12 

revenue is an important issue. In this paper, the multi-satellite online scheduling process is 13 

regarded as a Markov sequential decision process. When the task arrives, the scheduling 14 

decision can be made according to the current scheduling situation and the task information. 15 

Since the number and resources of satellites are fixed, but the information of the task itself such 16 

as the number of available time windows are unpredictable, this problem can be proved as an 17 

NP-Hard problem. There is no specific effective solution yet. As reinforcement learning 18 

algorithm has achieved good application results in decision-making optimization problems 19 

such as optimization decision, automatic control and production line scheduling, it is feasible 20 

to apply reinforcement learning method to multi-satellite online scheduling. Therefore, this 21 

paper studies the multi-satellite scheduling method based on reinforcement learning. This paper 22 

analyses the Markov property of the basic scheduling process of the multi-satellite online 23 

scheduling problem and establishes the corresponding Markov decision pro-cess. Considering 24 

the influence of the periodic schedule in the online scheduling on the scheduling strategy of 25 

the algorithm-decision network, an improved multi-satellite online scheduling model is 26 

proposed. Finally, the model is trained by the proximal policy optimization algorithm (PPO), 27 

and by comparing the simulation results with the existing multi-satellite online scheduling 28 

model, we verified the validity of our model. 29 

Keywords: multi-satellite online scheduling, Markov decision process, proximal policy 30 

optimization. 31 

Introduction 32 

Earth observation is a satellite observation activity that uses various types of satellite remote 33 

sensors to run in accordance with the established orbit and obtain ground observation target 34 

image data and various information. [1] With the rapid development of satellite observation-35 

related technologies, how to efficiently use the satellite resources for scheduling has become 36 

one of the main research directions of satellite practical applications. The satellite scheduling 37 

problem is generally expressed as follows: In a specified scheduling cycle, the satellite ground 38 

control centre first pre-processes the collected user observation tasks to eliminate those do not 39 

meet the observation requirements, and then assigns the processed observation tasks to the 40 

satellites with available observation time windows for execution, and formulates an effective 41 

task observation scheme to obtain the maximum scheduling rewards.  42 

mailto:caixiantao@whu.edu.cn
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For solving the satellite scheduling problem, scholars have done many related studies. 43 

[5],[6],[9],[10],[11] However, the studies focus on various intelligent optimization algorithms 44 

and heuristic algorithms for specific satellite scheduling problems. Among them, intelligent 45 

optimization algorithms can achieve better results for small-scale satellite scheduling problems, 46 

but in large-scale scheduling problems, intelligent optimization algorithms often achieve slow 47 

solving speed and poor results. In addition, the parameter setting of intelligent optimization 48 

algorithm has a great influence on the algorithm solution. The heuristic algorithm mainly 49 

establishes a model for specific scheduling problems. The model can obtain good scheduling 50 

results, but it is not easy to migrate and has strong limitations. In addition, in the dynamic 51 

emergency environment, with the timeliness requirements of satellite scheduling, the 52 

traditional batch processing mode is no longer able to meet the needs of users. It is increasingly 53 

important to explore and improve the rapid processing ability of observation tasks of multi-54 

satellite scheduling method according to the increased number of satellites in satellite 55 

scheduling problem. 56 

According to the different timeliness requirements of satellite observation tasks, the research 57 

on satellite task scheduling can be divided into static scheduling problem, dynamic scheduling 58 

problem and online scheduling problem. Compared with online scheduling of satellite tasks, 59 

both static and dynamic scheduling of satellite tasks re-quire the satellite control center to 60 

collect user observation tasks in advance, which can also be collectively called off-line 61 

scheduling of satellite tasks. At present, scholars mostly focus on the off-line scheduling 62 

problem of satellite tasks, but the research on online scheduling problem of satellite tasks is 63 

relatively less, and the research on multi-satellites online scheduling problem is even less. 64 

Some scholars first studied the processing of emergency tasks in the process of satellite 65 

scheduling. Cui et al. [13] constructed an emergency task priority calculation model for seven 66 

influencing factors of satellite task scheduling in emergency situations, and proposed a 67 

scheduling algorithm based on task priority to reduce the complexity of scheduling scheme 68 

adjustment. Niu et al. [14] focusing on the dynamic satellite task scheduling problem for large 69 

area natural disaster emergency response and constructed a satellite scheduling model based 70 

on the maximization of task revenue and scheduling scheme robustness, and a hybrid 71 

optimization algorithm (HA-NSGA-II) is proposed to generate scheduling scheme. However, 72 

these studies have only partly solved the rapid handling of small-scale emergency tasks, but 73 

cannot cope with the arrival of a large-scale emergency tasks. 74 

With the rise of machine learning, scholars have realized the possibility of real-time task 75 

allocation from the model of machine learning[16][17],[19], so some scholars have begun to 76 

introduce AI algorithms such as neural networks and reinforcement learning to solve the 77 

scheduling problem [[21],[22]. Wang [20] first classified the arrival of the above large-scale 78 

emergency tasks as the online scheduling problem of satellite tasks, and analysed the 79 

shortcomings of the traditional satellite-ground control mode in solving the online scheduling 80 

problem of satellite tasks. According to the characteristics of the online scheduling problem of 81 

satellite tasks, the centralized and distributed online scheduling models and algorithms of 82 

satellite tasks were proposed. The centralized satellite task online scheduling problem is solved 83 

by the reinforcement learning A3C algorithm, and the distributed satellite task online 84 

scheduling problem is solved based on the reinforcement learning MADDPG algorithm. 85 

However, in the study, the design of environmental state in the centralized task online 86 

scheduling model is relatively simple, and the actual influence of periodic schedule on 87 

scheduling decision-making strategy is not considered. Moreover, the A3C algorithm is 88 
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sensitive to the setting of super parameters, so the algorithm performance is unstable and the 89 

solution effect is general. 90 

In this paper, the centralized online scheduling model of satellite tasks is improved. 91 

Considering the influence of periodic schedule on the decision-making policy of the algorithm 92 

in the online scheduling process of satellite tasks, an improved multi-satellite online scheduling 93 

model is constructed to optimize the scheduling solution process and provide more specific 94 

environmental parameters. A multi-satellite online scheduling model based on proximal policy 95 

algorithm is proposed. Finally, the performance comparison between this model and the 96 

existing online scheduling model is carried out through the simulation experiments. 97 

Problem Formulation 98 
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Figure 1: Basic rocket ship design. The rocket ship is propelled with three thrusters and features a single 100 
viewing window. The nose cone is detachable upon impact. 101 

The realization of multi-satellite online scheduling is based on the space-based networking 102 

technology-an on-satellite space-based network formed by multiple satellites. Therefore, users 103 

can use space-based network links to send observation tasks through portable devices such as 104 

small-station terminals, without requiring the ground station to wait for the satellite to transit 105 

and then make the note of observation instructions like the satellite-ground control mode. 106 

Different from the common satellite receiving information mode (the common satellite 107 

cannot receive the user's observation task directly, requires the ground station to carry out 108 

measurement and control and instructions on the note), through the space-based earth 109 

observation mode, users can directly send observation tasks to the satellite. 110 

The space-based information network receives the request sent by the user and enters the 111 

online immediate scheduling process of the satellite. Different from the satellite-ground control 112 

process, the time bands and resources of all satellites in the space-based information network 113 

are shared. Therefore, it is not necessary to predict the resources. It is only necessary to input 114 

the observation task into the multi-satellite online scheduling mode, and allocate resources and 115 

make decisions through the online immediate scheduling model of the satellite, so as to realize 116 

the immediate response of the task. 117 
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The multi-satellite online scheduling problem can be generally defined as: the time of 118 

submission of observation tasks is random and independent. The satellite control center 119 

processes the observation tasks dynamically arriving over time and gives the corresponding 120 

scheduling scheme. It can be seen that the online scheduling problem of satellite tasks is 121 

essentially a kind of sequential decision-making problem. If the control center accepts the 122 

current arrival of the observation task, it needs to consume the corresponding satellite resources 123 

to obtain the corresponding income of the task, which may make the subsequent observation 124 

task with greater income cannot be arranged. If the current arrival of the observation task is 125 

refused, the decision income of the observation task is set to zero, and the task cannot be 126 

scheduled again in this scheduling cycle. Therefore, the scheduling center needs to consider 127 

the current observation requirements and satellite resource status to ensure maximum 128 

scheduling rewards throughout the scheduling cycle. 129 

According to the dynamic random knapsack theory of Kleywegt et al. [23], multi-satellite 130 

online scheduling problem can be described as follows: a series of tasks arrive randomly, each 131 

task needs to consume the corresponding resources, and the completion of the task will obtain 132 

the corresponding rewards. Before the task arrives, the task resource demand and the 133 

corresponding rewards cannot be predicted. Decision makers have fixed resources and can 134 

receive or reject tasks. Receiving tasks consume resources to obtain benefits, and refusing tasks 135 

may be punished to some extent. The goal of the problem is to find a strategy to maximize the 136 

rewards of the task. The corresponding dynamic random knapsack problem is expressed as 137 

follows: 138 

𝑉𝐷𝐾𝑆𝑃𝜋 = 𝐸 [∑ 𝑒−𝛼𝐴𝑖[𝐷𝑖𝜋𝑅𝑖 − (1 − 𝐷𝑖𝜋)𝑝]𝑖:𝐴𝑖<𝑇𝑒𝑛𝑑 − ∫ 𝑒−𝛼𝜏𝑐(𝑁𝜋(τ))𝑑𝜏𝑇𝑒𝑛𝑑0+𝑒−𝛼𝑇𝑒𝑛𝑑𝑣(𝑁𝜋(𝑇))|𝑁𝜋(𝑇) = 𝑁0 ]  (1) 139 

𝐴𝑖  is the arrival time of the task i, 𝐷𝑖𝜋  is the decision for task i, 𝑅𝑖  is the reward of task 140 i,𝑁𝜋(𝑡+) is the remaining resource after time 𝑡，𝑁𝜋(𝑡−)is the remaining resource before time 141 𝑡，𝑝 is the penalty when the task is refused. 142 

Multi-satellite online scheduling requires immediate decision-making after each task arrives, 143 

including three steps: current state acquisition, task decision-making and state update. The 144 

decision flow chart is shown in Fig 2. 145 
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Figure 2: Multi-satellite online scheduling sequential decision. 147 

For each decision, when the task arrives, acquire current environment state 𝑠𝑚, then select 148 

decision action 𝑎𝑛 according to 𝑠𝑚, and execute the decision action to update the decision 149 

environment state to 𝑠𝑛. 150 
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Factor analysis 151 

As can be seen from the above description, when an observation task arrives, the subsequent 152 

system state only depends on the decision of the current decision-maker and the current 153 

environmental state, independent of previous decision conditions. Therefore, the online 154 

scheduling problem of satellite tasks is Markov, and the above satellite scheduling decision 155 

process can be expressed as Markov decision process. The state set S, action set A and return 156 

function R of the Markov decision process for multi-satellite online scheduling are defined as 157 

follows: 158 

i. State set S: 159 

In the existing solution to the online scheduling problem of satellite tasks, the state set S 160 

mainly includes the satellite resource state 𝑆𝑠𝑎𝑡 , and the observation task state 𝑆𝐷 . Multi-161 

satellite online scheduling requires different scheduling strategies at different stages of the 162 

scheduling cycle to ensure maximum task benefit. For example, in the early stage of the 163 

scheduling cycle, the probability of rejecting low-income tasks is high to ensure that 164 

subsequent possible high-income tasks can be completed. With the scheduling process, the 165 

probability of rejecting low-income tasks gradually decreases to ensure the full utilization of 166 

satellite resources. Therefore, this paper proposes the state factor of periodic time state 𝑆𝑇 to 167 

describe the periodic progress when the observation task arrives. The state set S corresponding 168 

to the scheduling model includes satellite resource state 𝑆𝑠𝑎𝑡 , observation task state 𝑆𝐷 , 169 

periodic time state 𝑆𝑇, and scheduling control state 𝑆𝐶. 170 

⚫ Satellite resource state 𝑆𝑠𝑎𝑡 171 

Defining the remaining storage space of satellite 𝑆𝑗 at 𝑡 = 𝐴𝑖 is 𝑆𝑡𝑜𝑟𝑆𝑗(𝑡), so at time t, the 172 

satellite resource state 𝑆𝑠𝑎𝑡 = ⋃ 𝑆𝑡𝑜𝑟𝑆𝑛(𝑡)𝐿𝑆𝑛=1 . 173 

⚫ Observation task state 𝑆𝐷 174 

The observation task state mainly includes the storage space consumption and task income 175 

of the observation task, then the observation task state of the satellite at time t is 𝑆𝐷 =176 [𝑆𝑡𝑜𝑟𝑖 , 𝑊𝑖]. 177 

⚫ Periodic time state 𝑆𝑇 178 

The periodic time state 𝑆𝑇  mainly represents the position of the arrival time 𝐴𝑖  of the 179 

observation task𝐷𝑖 in the whole scheduling cycle, so the value of 𝑆𝑇 is between [0,1], define 180 𝑆𝑇 = 𝐴𝑖/𝑇𝑒. 181 

⚫ Scheduling control state 𝑆𝐶 182 

Due to the scheduling process, the periodic time state 𝑆𝑇 is infinitely close to 1, and the 183 

satellite resource state is infinitely close to 0. At this time, the scheduling decision is mainly 184 

affected by the income of the task, which is prone to the problem of low overall task completion 185 

due to the continuous rejection of low-income tasks, so a control state is introduced 𝑆𝐶 =186 𝛼(⋃ 𝑆𝑡𝑜𝑟𝑆𝑛(𝑡)𝐿𝑆𝑛=1 ) / ((𝑇𝑒 − 𝐴𝑖)/𝑇𝑒), where 𝛼 is a normalized parameter. This state considers 187 

both the scheduling progress and the available satellite resources, and considers high-yield 188 

tasks when the scheduling time is sufficient. In the case of emergency scheduling time, the 189 

scheduling task is prioritized to reduce the impact of income 190 

In summary, in the process of satellite task online scheduling, at the scheduling time t = 𝐴𝑖, the 191 

state set S is expressed as follows: 192 

𝑆 = [𝑆𝑠𝑎𝑡 , 𝑆𝐷 , 𝑆𝑇 , 𝑆𝐶]     (2) 193 
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Since the range of each parameter in the state set S is different, in the reinforcement learning 194 

algorithm training, in order to make the weight of each parameter equal, it is necessary to 195 

normalize each parameter. The normalization formula used in this article is as follows: 196 

𝑋𝑛 = 𝑋−𝑋𝑚𝑖𝑛𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛      (3) 197 

The information of the task can only be determined when it arrives, so the maximum and 198 

minimum values in the normalization formula cannot be accurately estimated. Therefore, in 199 

specific training, the maximum and minimum values are calculated by pre-estimating the value 200 

range of the relevant information of the task. For example, in the simulation experiment, a 201 

single scheduling cycle node generates 100 random tasks, and the income of the task is 202 

generated into a random number of 1 – 20. Therefore, the minimum value is determined to be 203 

1, and the maximum value is determined to be 20. 204 

ii. Action set A 205 

For acceptance or not, action set A includes two actions: receiving observation task and 206 

rejecting observation task. The formula is expressed as follow: 207 

𝜋(𝑠𝑡 , 𝐷𝑖) = { 1   accept 𝐷𝑖0   otherwise    (4) 208 

Where 𝜋(𝑠𝑡, 𝐷𝑖) is the reinforcement learning decision policy for task 𝐷𝑖. 209 

iii. Return function R 210 

At the scheduling moment t = 𝐴𝑖, after the scheduling center makes a decision on the arriving 211 

observation task 𝐷𝑖, if 𝐷𝑖 is accepted, the corresponding observation income 𝑊𝑖 is obtained, 212 

otherwise the reward is 0. The return function can be expressed as follows: 213 

𝑅(𝑠𝑡 , 𝜋(𝑠𝑡 , 𝐷𝑖)) = {𝑊𝑖     accept 𝐷𝑖0     otherwise     (5) 214 

In summary, in multi-satellite online scheduling, the state of the scheduling moment t = Ai 215 

is defined as 𝑆𝑡 , the decision of the scheduling center is 𝑎 = 𝜋(𝑠𝑡, 𝐷𝑖), and the immediate 216 

payoff of executing the decision a is 𝑅(𝑠𝑡, 𝜋(𝑠𝑡, 𝐷𝑖)), then the state-action function of the 217 

Markov decision process for multi-satellite online scheduling is defined as follows: 218 

𝑄𝜋(𝑠𝑡 , 𝑎) = 𝑅(𝑠𝑡 , 𝑎) + 𝛾 ∑ 𝑃(𝑠𝑡 , 𝑎, 𝑠′)𝑉𝜋(𝑠′)𝑠′∈𝑆    (6) 219 

Where 𝑃(𝑠𝑡, 𝑎, 𝑠′) is the state transition function of the multi-satellite online scheduling 220 

problem and 𝛾 is the discount factor. 221 

Constraint of problem 222 

In the actual scheduling, the multi-satellite online scheduling will be constrained by multiple 223 

conditions such as satellite resources, observation tasks, and satellite time windows. The main 224 

constraints involved are as follows: 225 

i. Satellite uniqueness observation constraint 226 

In multi-satellite online scheduling, the same observation task is performed by a satellite at 227 

most once without redundant observations in order to use satellite resources efficiently. Then 228 

the following formula needs to be satisfied: 229 ∑ ∑ 𝑥𝑖𝑛𝐿𝑆𝑛=1𝐿𝐷𝑖=1 ≤ 1     (7) 230 
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ii. Observation constraints of continuous tasks 231 

The same observation satellite continuously observes two different ground targets, and the 232 

satellite remote sensor attitude needs to be adjusted to align with the next observation target 233 

between observations. Then, for two consecutive observation tasks 𝐷𝑖  and 𝐷𝑗  of the same 234 

satellite, if their observation time intervals are [𝑠𝑡𝑖 , 𝑒𝑡𝑖] and [𝑠𝑡𝑗 , 𝑒𝑡𝑗], the following formula 235 

need to be satisfied: 236 

𝑒𝑡𝑖 + 𝑇𝑡𝑟𝑎𝑛𝑠 ≤ 𝑠𝑡𝑗     (8) 237 𝑇𝑡𝑟𝑎𝑛𝑠 represents the time of the posture adjustment. 238 

iii. Satellite time window constraint 239 

If the observation task 𝐷𝑖 is scheduled to execute in the time window of satellite 𝑆𝑗. The 240 

execution time interval of observation task is [𝑠𝑡𝑖 , 𝑒𝑡𝑖], and the available time window set of 241 

satellite 𝑆𝑗 for observation task 𝐷𝑖 is 𝑡𝑤𝑆𝑒𝑡𝑖𝑗 , which needs to satisfy the following formula: 242 

 [𝑠𝑡𝑖, 𝑒𝑡𝑖] ∩ 𝑡𝑤𝑆𝑒𝑡𝑖𝑗 = [𝑠𝑡𝑖 , 𝑒𝑡𝑖], [𝑠𝑡𝑖 , 𝑒𝑡𝑖] ≠ ∅   (9) 243 

iv. Satellite storage capacity constraint 244 

For any earth observation satellite 𝑆𝑗  with storage capacity of 𝑆𝑎𝑡𝑆𝑗 , if it accepts m 245 

observation tasks throughout the scheduling cycle, the storage space required is 246 {𝑆𝑡𝑜𝑟1, 𝑆𝑡𝑜𝑟2 … … 𝑆𝑡𝑜𝑟𝑚}, then the following formulas need to be satisfied: 247 ∑ 𝑆𝑡𝑜𝑟𝑖1≤𝑖≤𝑚 ≤ 𝑆𝑎𝑡𝑆𝑗     (10) 248 

v. Observation task arrival time constraint 249 

In the multi-satellite online scheduling, if the arrival time of the observation task 𝐷𝑖 is 𝐴𝑖, 250 

then 𝐴𝑖  must be in the scheduling cycle, and the task 𝐷𝑖  can be scheduled to perform. The 251 

formula is expressed as: 252 

𝑇𝑠 ≤ 𝐴𝑖 ≤ 𝑇𝑒     (11) 253 

Objective Function 254 

The goal of multi-satellite online scheduling is to maximize the task scheduling rewards at the 255 

end of the scheduling cycle after making decisions for each arriving observation task. The 256 

objective function can therefore be defined as follows: 257 𝑚𝑎𝑥: ∑ 𝑅(𝑠𝑡, 𝜋(𝑠𝑡, 𝐷𝑖))𝐿𝐷𝑖=1     (12) 258 

Model establishment 259 

decision-making process 260 

Since there are many and complex factors affecting the multi-satellite online scheduling, it is 261 

difficult to establish an accurate mathematical model for solving the problem. Whether the 262 

neural network accepts the current observation task needs to consider four state factors, namely, 263 

the observation satellite resource state  𝑆𝑠𝑎𝑡, the observation task state  𝑆𝐷, the periodic time 264 

state 𝑆𝑇 , and scheduling control state 𝑆𝐶 . Many state factors contain multidimensional 265 
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information, and some state ranges are continuous intervals, which cannot be characterized by 266 

the look-up table (Q-Table). The neural network can well characterize the continuous state, and 267 

can well fit the mapping relationship between action decision and state. Therefore, this paper 268 

uses the model-free reinforcement learning algorithm to solve the problem, and uses the 269 

multilayer neural network to train the algorithm model.  270 

According to the multi-satellite online scheduling process and constraints described, the multi-271 

satellite online scheduling decision flow chart of satellite tasks can be drawn as follows：  272 

N
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 273 

Figure 3: Multi-satellite online scheduling process. 274 

i. Task data pre-processing 275 

When the observation task arrives, it is necessary to pre-process the observation task and 276 

calculate the time window of each satellite for the observation task. Only when there is an 277 

available time window and the relevant constraints are met, the observation task can enter the 278 

next process, otherwise the observation task is directly rejected. In this process, the state set s 279 

is generated when the first task is executed, and the current state set is updated continuously 280 

before each task is executed. 281 

ii. AC Network Decisions 282 

The decision network makes a decision on the observation task according to the observation 283 

task state, the satellite resource state and the periodic time state. If accepted, the next process 284 

is performed, otherwise the processing of a task is initiated. 285 

iii. Task execution time window arrangement 286 

After receiving observation tasks, the decision-making network arranges observation satellites 287 

and time windows according to the following heuristic rules because of the high timeliness of 288 

observation tasks scheduled online by satellite tasks:  289 

Observation satellites: the satellite resources with the highest remaining storage space ratio are 290 

preferred; defining satellite payload to describe satellite residual space ratio: 291 
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𝐿𝑜𝑎𝑑𝑙 =  𝑡_𝑓𝑟𝑒𝑒𝑙𝑇𝑙 ∗ 𝑆𝑡𝑜𝑟𝑙𝑆𝑎𝑡𝑆𝑙    (13) 292 

Where 𝑡_𝑓𝑟𝑒𝑒𝑙 denotes the available time window strip length of satellite l and 𝑇𝑙 denotes the 293 

total time window strip length of satellite l. 294 

Time window: Select the first observation window of the observation satellite. 295 

Arranged Task Arranged Task

Arrival Task

FreeTimeWindow

Conflict Part Conflict Part

MinExcTime < FreeTimeWindow ?

Arranged Task Arranged TaskArrival Task

Yes

Success Arranged

MinExcTime

Arranged Task

Arrival Task

MinExcTime > FreeTimeWindow 

Find another satellite

Arrival Task

MinExcTime

 296 

Figure 4: Time window arrangement. 297 

For a certain observation task, due to the existence of multiple satellites, and for each satellite, 298 

it may pass through the observation point many times in a cycle, so the time window of the 299 

observation task may be multiple, and multiple observation tasks may be arranged on each 300 

satellite, so there is a time window conflict problem. For example, in the time window 301 

arrangement diagram, when a time window of the task conflicts with the time window of the 302 

scheduled task of the satellite 𝑆𝑎𝑡𝑖, the maximum available time window FreeTimeWindow 303 

can be obtained by interception. When the time window meets the minimum execution 304 

time  MinExcTime  of the task, the task can be scheduled to the earliest start time of 305 FreeTimeWindows  to reduce the fragmentation of the time window, if the minimum 306 

execution time is not satisfied, the other time windows of the selected task are compared. If the 307 

time windows that meet the conditions are still unable to be found, the available time windows 308 

of other satellites are searched. The above steps are repeated until a satisfied time window is 309 

found (the analysis here does not consider the transformation time in order to visually display 310 

the time window conflict solution). 311 

Specific conflict resolutions are as follows: 312 
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[S1_start, S1_end] [S2_start, S2_end] [S3_start, S3_end]

[ST_start, ST_end] State_1

[ST_start, ST_end] State_2

[ST_start, ST_end] State_3

[ST_start, ST_end] State_4

[ST_start, 
ST_end] State_5

 313 

Figure 5: Time window conflict. 314 

As shown in Figure 5, suppose a satellite strip has an allocated time window [S1_start, S1_end], 315 

[S2_start, S2_end], ... 316 

When an observation task arrives, one of its observation time windows of the satellite is 317 

[ST_start, ST_end]. Then, there are five states. If it is at State_1, the observation task time 318 

window cannot be allocated. At State_2, the observation time window intercepts the free zone 319 

on the satellite strip, and the new observation time window is [ST_start, S1_start]. At State_3, 320 

the new observation time window becomes [S1_end, ST_end]. At State_4, the new observation 321 

time window becomes [S1_start, S1_start] and [S1_end, ST_end]. At State_5, the observation 322 

time window remains unchanged. Of course, there may still be conflicts with the newly 323 

generated observation time window, so it is necessary to continue to solve the subsequent 324 

conflicts. But the first half of the observation window will be no subsequent conflict. 325 

Satellite Online Scheduling Network Based on PPO 326 

At present, some mainstream model-free reinforcement learning algorithms, such as DQN 327 

algorithm, A3C algorithm, DDPG algorithm and D4PG algorithm, adopt the method of 328 

experience playback, and use random sampling method during each training, so that each 329 

‘experience’ is independent, which satisfies the decision-making idea of Markov decision. 330 

However, since each sampling is selected in the experience pool, the existence of the 331 

experience pool consumes a lot of memory, and there are shortcomings such as hyperparameter 332 

sensitivity and algorithm performance instability. Among them, DQN[26] is only suitable for 333 

limited states, and the number of states for on-line immediate scheduling of satellites is often 334 

innumerable, and Q-learning cannot solve many simple problems, and the algorithm is even 335 

more difficult to understand [28-32]. The vanilla policy gradient algorithm has poor data 336 

utilization and poor robustness. Due to the same trajectory for multi-step optimization, it brings 337 

instability, and the TRPO algorithm has the problem that the hyperparameters are difficult to 338 

select. The proximal policy optimization algorithm-PPO (Proximal Policy Optimization) [25] 339 

uses the importance sampling method. The data samples generated by the same strategy are 340 

updated for the evaluation policy. The data samples are discarded and then sampled, so their 341 

consumption of memory is far less than that of the above algorithm. The data utilization rate is 342 

high, the model reliability is high, and the applicability is wide, which meets the actual needs 343 

of satellite online scheduling. And the stability of the algorithm is guaranteed by sampling the 344 

importance probability. 345 
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Therefore, this paper uses the PPO proximal policy optimization algorithm to solve the multi-346 

satellite online scheduling problem, which largely makes up for the defects of the above 347 

reinforcement learning algorithm and performs well in tasks such as continuous control. 348 

Table 1: PPO Algorithm. 349 

PPO Algorithm： 

for iteration = 1, 2, … do 

   for actor = 1, 2, …, N do 

        Run policy 𝜋𝜃𝑜𝑙𝑑 in environment for T timesteps 

        Compute advantage estimates �̂�1, �̂�2, …, �̂�𝑇 

   end for 

   Optimize surrogate L wrt θ, with K epochs and minibatch size M ≤NT 

   θ →  𝜃𝑜𝑙𝑑 

end for 
 350 

Two methods are proposed to limit the step size for each update in PPO papers. The first is to 351 

limit the importance sampling probability r(θ) =  �̃�𝜃(𝑎𝑡|𝑠𝑡)𝜋𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡)  by setting a penalty 352 

hyperparameter β, so r(θ𝑜𝑙𝑑) = 1. 353 

LKLPEN(θ) =  Êt [ π̃θ(at|st)πold(at|st) Ât −  βKL[πθold(∙ |s), π̃(∙ |s)]]    (14) 354 

Enter the same state, the probability distribution of the network can’t be too different, in order 355 

to get similar action, the use of KL divergence as a limit, but the penalty hyperparameter β is 356 

difficult to set, so the PPO through the following rules adaptive selection β: 357 d =  �̂�𝑡 [𝐾𝐿[𝜋𝜃𝑜𝑙𝑑(∙ |𝑠), �̃�(∙ |𝑠)]]     (15) 358 

β =  { 𝛽 2⁄         𝑑 < 𝑑𝑡𝑎𝑟𝑔/1.52𝛽            𝑑 > 𝑑𝑡𝑎𝑟𝑔 ∗ 1.5     (16) 359 

The above algorithm approximately solves the KL constrained update such as TRPO, but 360 

penalizes the KL deviation in the objective function rather than makes it a hard constraint, and 361 

automatically adjusts the penalty coefficient in the training process to scale properly. Therefore, 362 

this is an improvement of TRPO algorithm, and through the first-order SGD method to 363 

optimize, so the speed is faster. 364 

According to PPO, the second method can achieve better results. It is also through the variation 365 

of importance sampling probability. 366 

𝐿𝐶𝑃𝐼(𝜃) =  �̂�𝑡 [ �̃�𝜃(𝑎𝑡|𝑠𝑡)𝜋𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡) �̂�𝑡]      (17) 367 

𝐿𝐶𝑃𝐼(𝜃) is regarded as a conservative policy iteration method. If there is no constraint, 𝐿𝐶𝑃𝐼(𝜃) 368 

will lead to a huge policy update. Therefore, the first method introduces KL divergence to limit 369 
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it, and PPO finds another stage method. By Clip, the probability ratio is limited, so that the 370 

update strategy will not have too radical changes. 371 𝐿𝐶𝐿𝐼𝑃(𝜃) =  �̂�𝑡[min (r(θ)�̂�𝑡, 𝑐𝑙𝑖𝑝(r(θ), 1 − 𝜖, 1 + 𝜖)�̂�𝑡)]   (18) 372 

Assuming that the current state-action pair advantage is positive, then in this case by Clip: 373 𝐿𝐶𝐿𝐼𝑃(𝜃) =  �̂�𝑡[min (r(θ), 1 + 𝜖)�̂�𝑡)]     (19) 374 

Since the advantage is positive, if the possibility of action is greater, that is �̃�𝜃(𝑎𝑡|𝑠𝑡)  increases, 375 

the goal will also increase. However, the total income caused by too large step size does not 376 

necessarily increase all the time, so it is necessary to limit the update step size. Therefore, the 377 

upper limit is (1 + 𝜖)�̂�𝑡 , which ensures that the new policy will not benefit from the old 378 

strategy. The same is true of negative advantages. 379 

PPO-Clip pseudocode is as follows: 380 

Table 2: PPO Algorithm. 381 

PPO-Clip： 

1: Input: initial policy parameters 𝜃0, initial value function parameters 𝜑0 

2: for k = 0, 1, 2, … do 

3:  Collect set of trajectories 𝐷𝑘 =  {𝜏𝑖} by running policy 𝜋𝑘 =  𝜋(𝜃𝑘)  in the 

environment. 

4:  Compute rewards-to-go �̂�𝑡, 

5:  Compute advantage estimates, �̂�𝑡 (using any method of advantage estimation) 

based on the current value function 𝑉𝜑𝑘 :  �̂�𝑡(𝜋𝜃) = −𝑉(𝑠𝑡) +  𝑟𝑡 +  𝛾 𝑟𝑡+1 + ⋯ + 𝛾𝑇−𝑡+1𝑟𝑇−1 + 𝛾𝑇−𝑡  𝑉(𝑠𝑇) 

6:  Update the policy by maximizing the PPO-Clip objective: 𝜃𝑘+1 = arg max𝜑 1|𝐷𝑘|𝑇 ∑ ∑( �̃�𝜃(𝑎𝑡|𝑠𝑡)𝜋𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡) �̂�𝑡 −  𝛽𝐾𝐿[𝜋𝜃𝑜𝑙𝑑(∙ |𝑠), �̃�(∙ |𝑠)]𝑇
𝑡=0𝜏∈𝐷𝑘 ) 

Typically via stochastic gradient ascent with Adam. 

7:  Fit value function by regression on mean-squared error: 𝜑𝑘 = arg min𝜑 1|𝐷𝑘|𝑇 ∑ ∑(𝑉𝜑(𝑠𝑡) − �̂�𝑡)2𝑇
𝑡=0𝜏∈𝐷𝑘  

Typically via some gradient descent algorithm. 

8: end for 

However, experiments show that in multi-satellite scheduling problems, the model generated 382 

by ppo training with kl divergence as a constraint is more stable and better than the model 383 

generated by ppo-clip training, which will be verified by experiments below. 384 

model training 385 

The decision network of PPO algorithm uses Actor-Critic architecture, in which the strategy 386 

function Actor and the value function Critic are expressed by neural network.  387 

The network model is built as a strategy network and a value network. The input S _t of the 388 

neural network is the state set of the system, including four state factors: the observation 389 

satellite resource state  𝑆𝑠𝑎𝑡 , the observation task state  𝑆𝐷, the periodic time state 𝑆𝑇 , and 390 

scheduling control state 𝑆𝐶. The output of the network is the decision action  𝐷𝑖 of the system, 391 
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that is, the probability value of receiving the observation task. Based on this probability value, 392 

this paper determines whether to accept the observation task. T is the scheduling cycle time 393 

axis. The hidden layer, hidden element number and activation function of each network are as 394 

follows: 395 
Table 3: Parameters of actor-network. 396 

layer number of neurons activation 

FC_1 40 tanh 

FC_2 20 tanh 

FC_3 10 tanh 

FC_4 1 tanh 

 397 

Table 4: Parameters of critic-network. 398 

layer number of neurons activation 

FC_1 40 tanh 

FC_2 14 tanh 

FC_3 5 tanh 

FC_4 1 ∅ 

Note：obs_dim is the dimension of the input state，act_dim is the dimension of the input action. Strategy 399 
network learning rate set to 0.000045, evaluation network learning rate set to 1/1400. Activation function tanh：400 tanh 𝑥 =  𝑒𝑥−𝑒−𝑥𝑒𝑥+𝑒−𝑥. 401 

In the multi-satellite online scheduling problem, the dimension of the output action should be 402 

2, which represents the two states of acceptance and rejection. However, in fact, there is no 403 

need for two dimensions, only one dimension is needed to output the value between 0 and 1, 404 

and only the probability of executing the task is judged. When the training is sufficient, the 405 

output of the accepted action is infinitely close to 1, and the output of the rejected action is 406 

infinitely close to 0. As the probability of exploration, when the probability of action comes, a 407 

random number between 0 and 1 is output, and when the probability of action is higher than 408 

this random number, it is executed.  409 

Other network training parameters are as follows: 410 

Table 5: Parameters of training. 411 

Parameters description value 

gamma Discount factor 0.995 

lam Lambda for Generalized Advantage 

Estimation 

0.98 

clip_ratio Hyperparameter for clipping in the policy 

objective 

0.2 

β Hyperparameter for kl penalty 1.0 

pi_lr Learning rate for policy optimizer 4.5e-5 

vf_lr Learning rate for value function optimizer 7e-4 

total_steps maximum training steps 8e4 

evalute_step

s 

the step interval between two consecutive 

evaluations 

5e2 

 412 
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Network updating process 413 

In the training process of decision-making network for online scheduling of satellite tasks, in 414 

each training cycle (Episode), the agent makes decisions through the current state (observation 415 

satellite resource state, observation task state and periodic time state), selects actions (the 416 

probability of receiving observation tasks), and stores the obtained data samples into the 417 

experience pool after performing the actions, which is called step. The training will repeat the 418 

above process until the end of the round, the termination criteria are generally the end of the 419 

time cycle or the depletion of satellite resources.  420 

In the process of satellite online immediate scheduling, the processing of an observation 421 

demand is set as a step, step. According to the step of strategy update, there are usually three 422 

types of model-free strategy update methods: Monte Carlo method, time series difference 423 

method, and n-steps Bootstrapping method. 424 

The Monte Carlo method [33] only learns after each training completes the whole process, 425 

while the time-series difference method learns to update after each step, and the n-steps 426 

Bootstrapping method updates after n steps. From the perspective of satellite scheduling 427 

process, for each observation task, it is not fixed to reject the current observation task for 428 

subsequent income acquisition. Even if the income obtained by accepting the current step may 429 

be high, it may lead to higher income tasks that cannot be accepted due to the influence of 430 

constraints, resulting in lower final income value. Therefore, it is not appropriate to use the 431 

timing difference method, and the Monte Carlo method needs to be updated after the entire 432 

scheduling cycle. For the online scheduling problem, the observation task may be infinite, so 433 

the Monte Carlo method is not appropriate, and the use of n-steps Bootstrapping for multi-434 

satellite online scheduling model is just consistent. 435 

In order to simulate the continuous scheduling process, the training stipulates that each 100 436 

tasks are a scheduling cycle node, and each 100 tasks calculates the income of the node and 437 

collects the data of the node. The income reset continues to train, and each 3 nodes integrate 438 

the data and update the model. 439 

The training process is as follows:  440 

Enter the current environmental state s  to the policy network, including the observation 441 

satellite resource state  𝑆𝑠𝑎𝑡 , observation task state  𝑆𝐷 , periodic time state 𝑆𝑇 , scheduling 442 

control state 𝑆𝐶 and the current node completes the identification. The strategy network obtains 443 

the environmental information, and obtains two values, namely, the mean mu  and the 444 

variance  sigma, and constructs the normal distribution of these two values. Through this 445 

normal distribution, an action is obtained. According to the action input into the environment, 446 

the reward and the next state s_ can be obtained, and s_ is input into the policy network, and 447 

cycle step 1. 448 

Step 1. The policy network runs 3 episodes to collect the [ r, s, a] obtained by each step of 449 

training, that is, the income, the environmental state, the action data information, and the next 450 

environmental state s_  obtained by each action. In this process, the strategy network is not 451 

updated, so this strategy network is also called the old network (Actor-old).  452 

Step 2. All the s-combination data obtained in the second step are input into the Critic network 453 

to obtain the V value of the state, which is calculated according to the formula: 454 
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�̂�𝑡(𝜋𝜃) =  −𝑉(𝑠𝑡) +  𝑟𝑡 +  𝛾 𝑟𝑡+1 + ⋯ + 𝛾𝑇−𝑡+1𝑟𝑇−1 + 𝛾𝑇−𝑡 𝑉(𝑠𝑇)  (20) 455 

Step 3. Find the loss function loss of loss =  mean(square(Ât))  and update the Critic 456 

network by back propagation. 457 

Step 4. All s-combination data are input into the new policy network and the old policy network, 458 

and two normal distributions Normal1 and Normal2 are obtained. All a-combination data are 459 

input into the normal distributions Normal1 and Normal2, and prob1 and prob2 are calculated, 460 

and the ratio is obtained by dividing network is updated according to the formula: 461 𝜃𝑘+1 =  arg max𝜑 1|𝐷𝑘|𝑇 ∑ ∑ ( �̃�𝜃(𝑎𝑡|𝑠𝑡)𝜋𝑜𝑙𝑑(𝑎𝑡|𝑠𝑡) �̂�𝑡 −  𝛽𝐾𝐿[𝜋𝜃𝑜𝑙𝑑(∙ |𝑠), �̃�(∙ |𝑠)]𝑇𝑡=0𝜏∈𝐷𝑘 )  (21) 462 

Loop this step, update the old network with new policy network.  463 

Step 5. Repeat the above steps. 464 

[（s, a, r） ],s_s Actor(new) Normal env
mu

sigma a store

loop 3 episodes

Actor(New) Actor(Old)

ratio

[s] 

Normal1 Normal2

[a] [a] 

prob1 prob2

L(KLPEN)

Critic

s, dr

Advantage

[r]

square
mean

Loss

BP

BP

 465 

Figure 6: Network updating Algorithm (KLPEN). 466 

Simulation and Result Analysis 467 

In the simulation experiment of this paper, five actually on-orbit Earth observation satellites 468 

are selected, namely Spot5, Ikonos-2, Orbview1, Gaofen1 and Yaogan16A. Each satellite has 469 

different orbits, and its detailed orbit data can be directly imported from the AGI Server 470 

provided by the satellite tool software STK. The simulation experiment scheduling cycle is set 471 

to 24 h. Finally, the STK software is used to simulate the satellite task scheduling and calculate 472 

the available observation time window of each satellite for the observation task.  473 

Parameter Setting 474 

Table 6: Simulation Experimental Parameters of Multi - Star Online Scheduling. 475 

Parameter Value 𝑆𝑛 5 

Observation area 
Longitude: [20° N, 40° N] latitude: [90° E, 120° 

E] 

Task number  100 𝑅𝑖 5G 
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𝑆𝑡𝑜𝑟𝑒𝑙 40G 

Simulation period 
Start: 10 Mar 2021 00:00:00.000  

end: 11 Mar 2021 00:00:00.000 

Reward for per 

task 
Random between 10~20 

inclination angle 

of ground 
50 

Case Study 476 

In order to verify that the online scheduling model can effectively learn the online scheduling 477 

strategy of satellite tasks, in this section, we generate 5000 scheduling cycles to simulate the 478 

5000-day online scheduling process of satellite tasks. The length of each scheduling cycle is 479 

24h, and the total number of satellite tasks in each scheduling cycle is 𝐿𝐷 = 100. The latitude 480 

and longitude range of the observation task, the shortest observation time of the task and the 481 

priority of the task execution are set according to the table above. The performance of the 482 

algorithm in the online learning phase of satellite task scheduling is evaluated by training 483 

indicators such as total task scheduling revenue, average task scheduling revenue and total task 484 

completion. The training results are as follows: 485 

   486 

Figure 7: Total reward training. 487 

In the above graph, the abscissa is the number of evaluation cycles, the ordinate is the total 488 

revenue of the observation task scheduling, the red dotted line is the total revenue of the FCFS 489 

algorithm, and the blue curve is the total revenue of the algorithm. It can be seen that in the 490 

online training process based on PPO algorithm, after the previous environmental exploration, 491 

the total income of the task is continuously improved and finally converged, which obviously 492 

exceeds the income value of FCFS algorithm, which proves that the algorithm can effectively 493 

learn the online scheduling strategy. 494 
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 495 

Figure 8: Number of observation tasks executed. 496 

In the above figure, the abscissa is the number of scheduling cycles, the ordinate is the number 497 

of completed observation tasks, the red curve is the number of completed tasks of the first-498 

come-first-serve algorithm (FCFS), and the blue curve is the number of completed tasks of the 499 

algorithm. In the early stage, the number of tasks completed by the algorithm in this paper is 500 

relatively small. At this time, because the algorithm itself is in a state of exploration, without 501 

any learning experience, it is infinitely close to the random algorithm, that is, the decision of 502 

the task itself is in a state of random decision, so the number of tasks completed is relatively 503 

small. However, with the continuous training, the algorithm selects tasks according to the 504 

current state. In order to maximize the benefit, the selection of tasks depends on the previous 505 

experience, so the number of tasks begins to rise, but does not reach the maximum (here is 40, 506 

limited by satellite resources). The first-come-first-serve algorithm is always the maximum 507 

number of tasks for any task as long as the conditions are satisfied. 508 

 509 

Figure 9: Average reward of observation task. 510 

In Fig.4 above, the abscissa is the number of scheduling cycles, the ordinate is the average 511 

reward of observation tasks, the grey curve is the average income of observation tasks of FCFS, 512 

and the green curve is the average income of observation tasks of the algorithm in this paper. 513 

Since the task priority in this paper is randomly selected in the range of [ 1, 20], the average 514 

reward of the FCFS algorithm is always around 13, while the average reward of the PPO 515 

algorithm is continuously improved and finally converges to about 16.5 after previous 516 

environmental exploration, which is 27 % higher than that of the FCFS algorithm. 517 
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Figure 10: TotalRewards under different clip-𝜖. Figure 11: AvgRewards under different clip-𝜖. 

 518 

Experiments show that under the conditions specified in this paper, in the training of satellite 519 

online scheduling model, the larger the 𝜖 is, the more unstable it is. The smaller the 𝜖 is, the 520 

less the training benefit is. In the later period, it is easier to fall into local optimal solution. 521 

Under the conditions of this paper, setting 𝜖 = 0.2 can achieve the best effect. 522 

  
Figure 12: TotalRewards under kl and Clip. Figure 13: AvgRewards under kl and Clip. 

Here, the intercept parameter of clip 𝜖 =  0.2. From the total rewards figure (left) and the 523 

average reward figure (right), the effect of the model trained by kl penalty method is more 524 

stable and higher than that of clip method. 525 

Adaptive result analysis of the model 526 

It can be seen from the previous section that the satellite task online scheduling algorithm 527 

proposed in this paper can effectively learn the effective scheduling strategy in training, 528 

steadily improve the scheduling income of the observation task and eventually converge. 529 

However, in the actual satellite task scheduling, the number of observation tasks in the 530 

scheduling period is often uncertain. Therefore, we simulate this uncertainty by changing the 531 

total number of observation tasks in the scheduling period. The specific setting is: the total 532 

number of satellite tasks in each scheduling period is 𝐿𝐷, the first 1000 scheduling nodes 𝐿𝐷 =533 50, 1000 ~ 2000 scheduling nodes 𝐿𝐷 = 100, the subsequent scheduling nodes 𝐿𝐷 = 50, and 534 

the remaining parameters remain unchanged. Through this simulation experiment, the 535 

environmental adaptability of the satellite task online scheduling model is verified. The 536 

experimental results are as follows: 537 
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Figure 14: Adaptive testing-total rewards(𝑳𝑫 =𝟓𝟎~𝟏𝟎𝟎~𝟓𝟎). 

Figure 15: Adaptive executed tasks(𝑳𝑫 =𝟓𝟎~𝟏𝟎𝟎~𝟓𝟎). 

 538 

 539 

Figure 16: Adaptive testing-average reward(𝑳𝑫 = 𝟓𝟎~𝟏𝟎𝟎~𝟓𝟎). 540 

Through the analysis of the above Figures, it can be seen that in the model training of the first 541 

1000 scheduling cycles (𝑳𝑫 = 𝟓𝟎), the profit after training is stable at about 350, and it is 542 

trained to the 1001 scheduling cycle (𝑳𝑫 = 𝟏𝟎𝟎). Due to the increase of the number of 543 

observation tasks in the cycle, the PPO algorithm gradually adjusts the decision strategy 544 

according to the change of the scheduling scene, and the total profit of the observation task is 545 

increased again, and gradually converges to a larger profit value. When the follow-up 546 

scheduling scene continues to control in 50 tasks, the algorithm is also constantly learning in 547 

the previous adaptive test, so the convergence is fast and stable. It is stable at about 400, and 548 

during the whole scheduling process, the average income of the task is relatively stable without 549 

much fluctuation. Therefore, it can be seen that the multi-satellite online scheduling model 550 

based on PPO algorithm in this paper has scene adaptive ability. 551 

Training comparison 552 

DQN algorithm [26] belongs to the off-policy category, which adopts the method of empirical 553 

playback. Each training adopts the random sampling method, so that each “experience” is 554 

independent. However, DQN is only suitable for limited states, and the number of states of 555 

satellite online immediate scheduling is often innumerable. However, in order to facilitate 556 

comparison, the number of tasks defined in each scheduling cycle is only 100, and the 557 
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constraints are simplified, so DQN algorithm can also be applied. This comparison is to 558 

compare the efficiency of training, the comparison is as follows: 559 

 560 

Figure 17: PPO algorithm training (Kl penalty), 11 minutes 58 seconds. 561 

 562 

Figure 18: DQN algorithm training, 18 minutes 28 seconds. 563 

It can be seen from the figure that when the number 1000 is used, the training benefit of DQN 564 

is convergent, that is, the training is convergent in the 4th–5th minutes, and the PPO algorithm 565 

reaches the convergence state in the 80th evaluation (once every 500 steps), that is, it reaches 566 

the convergence in 2 minutes and 30 seconds. Therefore, it is easy to obtain that the learning 567 

efficiency of PPO is much higher than that of DQN, and the training speed is also much faster 568 

than that of DQN. Since the sampling is discarded and re-sampling is completed, the memory 569 

consumption is also lower than that of DQN algorithm. 570 

A3C (Asynchronous Advantage Actor-Critic) [27] algorithm uses the Actor-Critic architecture, 571 

which is an on-policy algorithm. It does not use empirical playback or sampling methods. It 572 

maintains a master node and multiple child nodes, each node has a learning program, each child 573 

node trains its own, does not interfere with each other, and then sends the trained parameters 574 

to the master node. After the master node is responsible for integration, it is sent to each child 575 
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node to continue training. This multi-threaded approach greatly improves the update rate, but 576 

it does not take the way of sampling, that is, only from the sub-network learning decision-577 

making experience is also doomed to its strategy is not as good as off-policy algorithm and 578 

PPO sampling algorithm. The training results are as follows: 579 

 580 

Figure 19: A3C algorithm training, 2 minutes 4 seconds. 581 

The training speed of A3C algorithm is greatly accelerated by multithreading operation. 582 

However, in terms of the results, the training effect of A3C algorithm is far inferior to that of 583 

DQN algorithm and PPO algorithm. In the training of scheduling model in this paper, the model 584 

trained by A3C algorithm has no obvious improvement compared with that of FCFS algorithm. 585 

Conclusion 586 

Firstly, this paper studies and analyzes the multi-satellite online scheduling problem. The basic 587 

scheduling process of satellite task online scheduling problem is analyzed and the 588 

corresponding Markov decision process is established. Considering the influence of periodic 589 

schedule on online scheduling strategy in online scheduling, the state factor of periodic time 590 

state is added to establish the corresponding satellite task online scheduling model. By 591 

analyzing the advantages and disadvantages of different reinforcement learning algorithms, 592 

this paper selects the proximal strategy algorithm as the training algorithm of the model in this 593 

paper. Through simulation experiments, the multi-satellite online scheduling model in this 594 

paper is evaluated, and the self-learning ability and adaptability of the model are proved. 595 

Through the adjustment of different truncation parameters, the rationality of the parameter 596 

selection of the model in this paper is proved. The training of the model in this paper by 597 

different reinforcement learning training algorithms proves that the proximal strategy 598 

optimization algorithm has achieved the greatest improvement in the training of the model in 599 

this paper. 600 
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