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Abstract: With satellite systems rapidly developing in multiple satellites, multiple tasks, and high-
speed response speed requirements, existing computing techniques face the following challenges:
insufficient computing power, limited computing resources, and weaker coordination ability. Mean-
while, most methods have more significant response speed and resource utilization limitations. To
solve the above problem, we propose a distributed collaborative computing framework with a genetic
algorithm-based task scheduling model (DCCF-GA), which can realize the collaborative computing
between multiple satellites through genetic algorithm. Specifically, it contains two aspects of work.
First, a distributed architecture of satellites is constructed where the main satellite is responsible for
distribution and scheduling, and the computing satellite is accountable for completing the task. Then,
we presented a genetic algorithm-based task scheduling model that enables multiple satellites to
collaborate for completing the tasks. Experiments show that the proposed algorithm has apparent
advantages in completion time and outperforms other algorithms in resource efficiency.

Keywords: space-based network; multi-satellite collaborative computing; genetic algorithm; computing
task scheduling

1. Introduction

With the rapid development of satellite systems, effectively coordinating multiple
satellites to improve their computational efficiency is an urgent need to be addressed. As
shown in Figure 1, the traditional satellite computation is planned in advance by the ground
station with corresponding instructions [1], which is subsequently uploaded to the satellite
and executed offline through a suitable uplink from the ground station. Meanwhile, it
requires precise and serial instructions as well as sufficient communication time between
the satellite and the ground, which is a relatively stable operating environment.

The rapid development of space-Earth integration makes space information net-
works [2] a hot spot of research all over the world. It takes space platforms as carriers
and supports network infrastructure. Therefore, we can achieve a real-time collection,
transmission, and processing of massive space information through inter-satellite as well
as on-earth integrated network interconnection. At present, satellite network technology
has developed to the stage of a space-based information network. At the same time, with
the rapid development of satellite networking technology of inter-satellite links [3,4], the
on-board routing switching technology and the integrated satellite network management
technology [5-7] of space and earth, the satellite network can be better independent of the
ground communication system and become an actual space information path.

Multi-satellite collaborative computing [8-11] is hot research. The continuous develop-
ment of satellite networks makes interaction between satellites possible, and computational
data can be downloaded to satellites autonomously. Most satellite systems consist of multi-
ple satellites. The satellite orbits form a stable spatial geometry, and the satellites maintain
a fixed space-time relationship to accomplish specific space tasks.
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As an independent agent, each satellite can realize multi-satellite collaborative com-
puting. Compared with a single satellite, multi-satellite collaboration can give full play to
the role of satellites and expand the application form of satellites. Therefore, the multiple
satellites” advantages in globality, diversity, timeliness, and continuity are incomparable to
a single satellite.

Figure 1. The traditional satellite computation fashion, where single-satellite calculation is the
common mode. The ground station transmits instructions, the satellite calculates itself, and then the
satellite sends the result back to the data center.

The research on collaborative computing within multi-satellite still needs to be made
available. The existing related work includes distributed architectures [12,13], edge com-
puting models [14,15], agent models [16], and other optimization algorithms. Aiming
at the problems of inflexible routing strategy, poor compatibility, and high deployment
cost of satellite networks, [17-26] regard the satellite as an intelligent body and build a
multi-satellite collaborative computing framework around the agent body. Those methods
have significantly superior performance in terms of computation time and success rate,
but each satellite has the same role, increasing each satellite’s load. It is only suitable for
scenarios with a small amount of computation. A distributed architecture is proposed in the
satellite system to study the collaboration between multiple satellites [27-30]. Focusing on
the architectural design of satellite systems. Mobile edge computing is applied in satellite
systems [31-39]. It solves the collaborative problem of mobile edge computing clusters in
the dynamic satellite environment. The introduction of mobile edge computing offloads
tasks to each satellite, reducing the dependence on the ground station and the computing
pressure of a single satellite. There are also studies for the collaborative method of LEO
satellite system [40—44]. According to the high dynamic and non-centered characteristics
of LEO satellite network, they proposed some algorithms suitable for high dynamic non-
centered scenarios. Respectively, MSABGCT [45], NSGA-II [46], TABU search heuristic [47],
and tap water injection algorithm [48] are proposed to solve the problem of multi-satellite
collaborative computing. In these studies, optimization algorithms suitable for satellite
systems are designed, but the constraints of applicable scenarios and assumptions are
somewhat simple. In addition, [49-54] proposed effective algorithms to solve the task allo-
cation strategy by studying resource collaboration, realizing multi-satellite collaborative
computing, and improving computing efficiency.

The above works have effectively improved the computing efficiency of multi-satellite
collaborative computing. However, in the process of multi-satellite collaborative computing,
static scenarios cannot only be considered, because the status of satellites and tasks will
change. In addition, the effectiveness of the algorithm can be increased by conducting
simulation experiments with real satellite data. Though the existing research is deviated
from a want to study. The difficulties for this issue are three folds as follows:
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1.  Satellite functions need to be clearly divided. Divide the types of satellites and give
them different functions to reduce the load pressure on satellites.

2. The satellite environment is dynamically changing, where emergencies such as dy-
namic changes in satellite time windows, changes in satellite computing status, and
changes in computing task queues need to be taken.

3. The multi-satellite collaboration algorithm is oriented to satellites in actual scenarios.
Measured only from one evaluation index, it lacks rigor. In addition, simulation
experiments are required.

To address the above issues, we construct a multi-satellite-oriented distributed collab-
orative computing framework. With the distributed architecture, a multi-satellite collabo-
rative computing algorithm is proposed to minimize the completion time and optimize
energy consumption by scheduling the tasks performed on each satellite.

When studying multi-satellite collaborative computing algorithms, this paper focuses
on the unique computing environment of satellite networks, and considers some factors in
the real scenario, such as periodic dynamic changes in network topology, limited satellite
computing capabilities, and relatively single network structure. The algorithm realizes
multi-satellite collaborative computing and improves the execution efficiency of satellites.
Meanwhile it enables each satellite to achieve interconnection at the computing level. In
general, the contributions of this work are as follows:

1. We construct a distributed architecture to model the multi-satellite collaborative com-
puting, and clearly describe the multi-satellite collaboration process. The functions of
the main satellite and computing satellite are clear.

2. We propose a Distributed Collaborative Computing Framework with a Genetic
Algorithm-based task scheduling model (DCCF-GA) to reduce energy consump-
tion and completion time. Specifically, the computing tasks are distributed to satellites
under the constraints of tasks and satellite tuples, so multiple satellites can collaborate
to complete them, reducing energy consumption and completion time.

3. Experiments and simulations are conducted on BEIDOU-3 satellite data. The results
show that our proposed algorithm is better than other scheduling algorithms in terms
of completion time and energy consumption.

The rest of this paper is organized as follows. Section 2 presents the distributed
framework of satellite collaborative computing and the mathematical model of the problem.
The proposed DCCF-GA is shown in Section 3. Experimental validation and Simulation
are performed in Section 4, and conclusions and future work are given in Section 5.

2. System Model and Problem Formalization
2.1. Problem Definition

Collaborative computing is the entire computing process, where the satellites make
interconnection and reach mutual perception to collaborate. In this process, the distributed
environment of the satellite network should be able to understand the task planning scheme
expressed in certain specifications. Then, they can advance the autonomous computation
according to the instruction needs and enable the interaction between different satellites to
complete the whole computing task queue collaboratively. So, satellite systems can achieve
the minimum energy consumption and minimum completion time.

The resources of the satellite network change dynamically, and the availability of
satellite computing nodes also varies over time due to the orbit, satellites” operation, and
the visible time window. Unlike the previous studies, this paper proposes the concept of
‘Time Slice” and considering the dynamic changes in satellites and tasks. It selects a time
period as the research object, and studies multi-satellite collaborative computing within
this time slice.

Firstly, a collaborative computing framework for satellite networks is constructed
based on the distributed environment of satellite networks. With the computing framework,
the collaborative computation process in the satellite network is mainly for collaboration
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among multiple satellites to complete the tasks for minimizing energy consumption and
minimum completion time.

As shown in Figure 2, satellites are divided into the main satellite and the computing
satellite:

e  Main satellite: A satellite which distributes computing task queues to computing satel-
lites, resource scheduling management, and supervises the situation of the remaining
computing satellites.

e Computing satellite: A satellite that acts as a computing satellite generally refers
to a satellite with robust computation and communication capabilities, which can
communicate with the main satellite. It also allows the main satellite to understand
the situation of each computing satellite and make proper resource scheduling.

& Main satellite

ng Computing satellite

Figure 2. The collaborative fashion in the main satellites and computing satellites, where the main
satellites need to distribute tasks to computing satellites so that they can achieve collaborative
computing between multiple satellites.

The multi-satellite collaborative computing problem can be divided into three pro-
cesses: computational task queue reconstruction, multi-satellite collaborative computation,
and computational result aggregation. We mainly study multi-satellite collaborative com-
putation.

The ground station sends a scheduling command, and then the command reaches the
main satellite. The computing task queue in the main satellite will be reconstructed first,
and then through the scheduler, the main satellite will distribute unexecuted tasks to other
satellites. Computing satellites can perform the computation function, and the task queue
exists in the main satellite.

The selection of the scheduling satellite is the result of multi-satellite negotiation.
The main satellite will execute the most reasonable distribution strategy and allocation
scheme according to the particular environmental constraints on the satellite so as to reduce
the pressure of single satellite computing. Thus, it can make the computing load of the
satellite reaches a balanced level and effectively improve the overall computing efficiency
of satellites. For a better description, Table 1 shows the names of the variables that can be
used in the multi-satellite collaborative computation process.

The computing task queue exists only in the main satellite, where the sub-tasks are
non-divisible atomic tasks. Multiple tasks can form task blocks, and they form a computing
task queue. We need a scheduling algorithm that minimizes the satellite system’s energy
consumption and completion time. The initialization of the computing task queue, for
each task in the computing task queue, consists of a tuple of attributes: T = {TID, RT, FT, L,
Q}, where RT is the task start time, and FT is end time. Q represents which task queue it
belongs to.
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Table 1. Variable noun description used in this paper.

Variables Description
SID satellite’s ID
TID task’s ID
Sp satellite computing speed
L task size
Q task queue
CT completion time
SRT satellite executable start time
SFT satellite executable end time
VT satellite visible time window
RT task start time
FT task end time
S; satellite j
T; task i
Ajj task i by satellite j
G energy consumption per second of satellite j
E@ energy consumption to execute task
CcTe! calculate the completion time of the task
F; fitness value of individual j
c the cost of computing satellite j when
T scheduling is y.

The reconfiguration of computing task queue is mainly a sorting of the operable
time range of the sub-tasks, where the tasks in the same field constitute a task block, and
multiple task blocks are sorted to form reconfigured computing task queue. Each computing
satellite’s existing and assigned tasks are considered and assigned to the first satellite to
complete the computation using polling. In the satellite system of real environment,
satellites” characteristic attributes and trajectories are cumbersome. To facilitate theoretical
calculations, multiple satellites in a unified orbit are divided into the same satellite system.
The orbital parameters of the satellites in the same orbit are consistent. For different
satellites, their load resources determine the computational capability of the satellite. The
visible time window of satellite determines its workable time, and the satellite can perform
computation only within the visible time range.

To facilitate modeling, we define the satellite property tuple as S = {SID, SRT, SFT,
VT, Sy} and the task property tuple as T = {TID, RT, FT, L, Q}. The main satellite receives
the task command from the ground station in the multi-satellite collaborative computing
process. It will perform a reordering initialization operation on the task queue, sorted by
combining the RT and FT of each atomic task. In the dynamic environment, when a new
computing task arrives, it will be inserted into the computing task queue according to the
time. So, satellites can compute more tasks within the visible time range of the satellite
with minimal energy consumption and completion time. The executable time range of each
satellite compute node is obtained from SRT, and SFT is called VT.

As shown in Figure 3, the main satellite will distribute tasks to computing satellites
according to the tuple information of computing satellites and tasks. The distribution
strategy depends on the time window of the computing satellites, the calculation speed,
the time of the task, and the size, which enables collaborative computing between multiple
satellites.

The model of the whole system is described above, and the collaborative computing
model is presented next.
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task’s start time

task’s end time

task queue
' EE = S task size
& computing satellites’ | @ | task belong to the
time window J @ { queue

computing satellites’ |
calculation speed | collaborative computing

E3 sub-task

®
distribution of tasks
N & main satellite

% : S0, computing satellite

Figure 3. In the process of multi-satellite collaborative computing, the main satellite distributes tasks
to the computing satellites according to the tuple information of computing satellites and tasks.

2.2. Multi-Satellite Collaborative Computing Model

The main satellite will distribute the sub-tasks stored in its computing task queue
to the computing satellites through the scheduling procedure. It is necessary to consider
constraints such as task time and satellite visible time window to minimize energy con-
sumption and minimum completion time. Setting A;; means that task S; executes, then

)

~_J1 taskicanbe executed by satellite j
7700 else

In collaborative computing, each computational task is assigned to a computing
satellite which cannot execute another task until the execution is completed. At a particular
moment, there can only be 0 or 1 task on each satellite to ensure the execution of the
collaborative process, so the following restrictions exist:

M
Yy Aj=1V¥i=12...NVj=12...M 2)
j=1

®)

Z A satellite j is assigned to task i
P70 else

The energy consumption of multi-satellite collaborative computing is mainly divided
into computational energy consumption and transmission energy consumption. For the
satellite system and computational tasks described in this paper, the data transmission
consumption is ignored for the time being because the amount of input data is usually larger
than the amount of output data. Therefore, when we measure the energy consumption of
multi-satellite collaborative computing, we focus on the energy consumed by the satellites
to perform the tasks. The formula is expressed as follows:

gunE = Z E = Z ZAZJ Slc (4)

ijV j=1li=

As we can see, S; represents the computing speed of satellite j, and C; represents the
energy consumption per second of satellite j performing computing tasks. L; represents the
size of task i, EC”lj represents the energy consumption of satellite j to calculate the task.
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In the multi-satellite collaborative computing scenario, the sum of the energy con-
sumption of the entire satellite system after completing the computing task queue is the
total energy consumption.

The satellites cooperatively process sequential related coupled computing tasks, and
the satellites can only perform computing tasks within the visible time window.

©)

VT — 1 satellite j can calulate task in the period
! 0 else

In addition, the start time of task i is the larger value of the transmission time of
the task and the end time of the previous sequence-dependent computing task i, so the
execution time of computing task i is:

RT; = max{FT;_, VT]} (6)

Therefore, when we measure the completion time of satellite collaborative computing,
the start time of the first computing task T; is within the visible time window of the assigned
satellite. We make the following constraints, and the end time of task T; can be expressed

FT 0 i=0 ;
e RTH—E—/’: else @

In the satellite system, the completion time only considers the computing task’s
calculation time and waiting time. The waiting time of the task is related to the start
execution time. Therefore, the completion time can be calculated after all tasks have been
executed. CT;*" represents the computing task’s calculation time, so the completion time of
computing task i can be expressed as (8), and we can use (9) to express the completion time
of the satellite system. In (9), min Ct depends on the maximum value of variable FT minus
the minimum value of variable RT.

cal u T
=S

nginCT = n}‘ax{PTl, ... FT,} — n}‘in{RTl,. ... RT;},Yp,g=1,2,...,N 9)
ij ij ij

We propose to measure the algorithm’s effectiveness with the minimum total computa-
tional energy consumption and completion time. As shown above, the energy consumption
objective function of this paper is Formula (4). The completion time objective function of
this paper is Formula (9). The constraints are (1), (3), (5), (6) and (7). This function describes
the completion time and energy consumption required by multiple satellites to complete
collaborative calculations. We can evaluate the effectiveness of the algorithm by observing
the results.

Therefore, the collaborative computing of multiple satellites can be formulated as the
above problem.

3. The Proposed DCCF-GA Algorithm

The collaborative computing problem for multi-satellites in a satellite system can be
statute as a mixed integer nonlinear programming problem. The objective is to obtain a
scheduling strategy that minimizes the completion time and energy consumption after
completing the computation of tasks. There is no better solution in this field. The specific
algorithm is shown Algorithm 1 and its steps can be briefly as follows:

1. Randomly generate the population,

2. Determine the fitness of individuals with roulette strategy,
3.  Judge whether it meets the optimization criterion,
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4. If it does, output the best individual and optimal solution, then end,

Otherwise, proceed to the next step,

6.  Select the regenerated individuals based on their fitness, the individuals with high
fitness are selected with high probability, and those with low fitness are eliminated,

7. According to the crossover probability and crossover method, new individuals are
generated until the maximum number of iterations is reached, or the result is stabilized.

According to the algorithm DCCF-GA (Distributed Collaborative Computing Frame-
work with a Genetic Algorithm-based task scheduling model), we first obtain the satellite
tuple and task tuple information. Then, we use the DCCF-GA algorithm to distribute
tasks to each satellite. The satellites perform a loop operation on the tasks, and iteratively
obtains the completion time and energy consumption results by completing all the tasks in
collaboration with the satellites. Finally, we can get the performance of the entire satellite
system, which are minimum completion time and energy consumption, and the strategy
that produces the best result is used as the distribution strategy.

4

Algorithm 1. Distributed Collaborative Computing Framework with a Genetic Algorithm-based
task scheduling model.

Input: multiple satellites performing collaborative computing, queue of computing tasks to be
executed, maximum number of species, the maximum number of iterations.

Output: minimum completion time CT, minimum energy consumption E.

1: initialize E = 0, CT = RT)

2: get tasks T = {TID, RT, FT, L}

3: get satellites S = {SID, SRT, SFT, VT, S,}

4: while T # @do

5:  select task T; in T with RT, FT satisfies satellite S; s VT

6: ifS#Q

7: for each task in T

8: combined with GA algorithm, select satellite, which need to be satisfied
with minimum CT or E

9: assign T; to the satellite for execution
10: update the satellite’s status

11: end for

12: end if

13:  break

14:  get the execution result of the collaborative calculation
15: end while

3.1. Encoding Decoding

The initialization process of the computing task queue is shown in Figure 4. Based
on the start and end time of the task in a front-to-back order, which is located at the top
of the queue, it will be assigned to the computing satellites first. This way has a well-
balanced initial task queue. Each individual in the task queue represents a batch of possible
scheduling of task blocks, and the sub-computing tasks in the task blocks can contain more
than one, as shown in Figure 4. The task blocks are separated by a 0 symbol, where S;
represents the computed satellite j.
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task block

Quicksort ‘ MIL

| 12*K |0‘ 9K |0| 7*K |0| 6%K |0‘ aK |0‘ 3*K‘ | task queue

| 12*K H 9*K H 7K H 6*K H 4*K H 3*K

4 4 L4 L4 4

S, S, Ss S, Ss Se

Figure 4. The illustration about the constructed order of tasks.

3.2. Selection, Crossover and Mutation

Selection is used in genetic algorithms to inherit the optimized individual (or solution)
directly to the next generation. The roulette wheel selection algorithm is a widely used
selection algorithm by researchers in DCCF-GA for task scheduling. The algorithm in this
paper uses the standard weighted roulette wheel selection algorithm. As shown in Figure 5,
Each individual i in the task queue is assigned a slot between 0 and 1. The size of the slot is

p -1
ci=F x (Z Fj> (10)
j=1

Cmax
4*K |0 7*K 0| 6* |[0f3*K |0 12*K 0 9*K Parent
'Cl ‘Cz ‘Ca 'C4 'Cs ‘Cs
51 Sz 53 S4 55 55
ol e6* |0 ... | Proto-Child
‘ Gs3
Sl SZ 53 SA S5 Ss

Figure 5. Selection of tasks, where perform a “select” operation on tasks in the queue.

Crossover is the core function of DCCF-GA algorithm, which refers to replacing and
recombining part of the structure of two individuals to generate a new individual. as
shown in Figure 6, By crossover, the search ability of DCCF-GA algorithm can be improved
by leaps and bounds. After the selection process is completed, a round-robin approach is
used to facilitate the search.

1. Select the task block in Parentl, correspondingly find the task block in the correspond-
ing position of Parent2, and then find the same task block in Parent1 from the task
block in the corresponding position of Parent2, and repeat the work until a ring is
formed;

2. Use Parentl Proto-Child is generated from the selected task block in, to ensure the
corresponding position;

3. Put the remaining task blocks in Parent2 into Proto-Child.
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P = o] 7 P -] roto-chi

Figure 6. Crossover of tasks. The tasks’ crossover after performing the selection operation. Through

these steps, we can gradually get the best result.

As shown in Figure 7, the mutation operation is performed by randomly changing the
number of computational tasks in individual j. This random mutation method perturbs
the search area of the algorithm in the solution space. A certain percentage amount
mutates the individuals in each generation stage, and the mutation rate is increased if
the energy consumption of the computation does not improve after the corresponding
x generations. Once the computed minimum energy consumption decreases again, the
mutation rate is reduced. It reduces the probability that the genetic algorithm will fall into
a local minimum. The energy consumption of the computation is then reduced using a
load-balancing mutation method. It is achieved by distributing the load more evenly over
the computation nodes by swapping satellites with high task load to the satellites with low
load and swapping. It produces a balanced random initial queue of computational tasks.

|4*K |0|3*K|O| 6*K |O-O| 7*K |O| 9*K | |

. 4 L/ L/
S, S Ss Sa Ss Se
| 4*K |0|3*K|0| 6*K |0 0| 7*K |0| 9*K | |
. 4 . L/
S, S Ss3 Sa Ss Se

Figure 7. Mutation of tasks. It is achieved by distributing the load more evenly over the computation
nodes by swapping satellites with high task load to the satellites with low load and swapping.

3.3. Fitness Function

Fitness refers to the ability of an individual to adapt to the environment. The fitness
function of the genetic algorithm, which is an index used to determine the degree of
excellence of the individuals in the population, and the population of this algorithm
refers to the computing task queue. The fitness function adds an additional value to
each computing node in the system, indicating the goodness of the scheduling plan. This
algorithm uses the relative error to generate the fitness value, hoping to calculate the fitness
of each computing node to judge whether the individual scheduling is good.

The relative error of individual j is: judging that the scheduling of individual j is

T¢y,) is the cost of computing satellite j when scheduling is y. The fitness value of
individual j is F;. The larger the value F;, the smaller the relative error, and the better the
scheduling of individual j.

3.4. Termination Conditions

Since the resource usage of the satellite network is precious, the genetic algorithm must
generate the schedule reasonably. In this paper, two termination conditions are used. In the
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experiment, the algorithm converges if the total time and energy consumption fluctuate
within a small range. Additionally, set the number of stabilization iterations. When the
algorithm’s total energy consumption and completion time stay mostly the same within the
specified number of iterations, the algorithm is considered to have converged and stopped.
The maximum number of iterations (MNI) setting also considers operability. The algorithm
also stops when the maximum number of iterations is exceeded.

4. Experimental
4.1. Algorithm Implementation

In the experiment, some variable values need to be set first. Although the dynamic
topology of the satellite network is changing in real time, and the satellite nodes are
operating at high speed, the topology is characteristic of periodic changes. The basic
parameters of the current significant satellites are shown in Table 2, and the average
number of satellite nodes in each constellation is 20. Therefore, we will obtain the satellite
ephemeris data, as shown in Table 2, for experimental analysis. Under the constraints of
20 computing nodes and communication delay, we will gradually increase the amount
of computing tasks to observe the execution efficiency of the scheduling algorithm and
change the task size.

Table 2. Basic parameters of major satellites. From left to right, they represent satellites” name,
numbers, orbit numbers, orbital inclination, satellite orbital pitch, orbit averaged height and averaging

period.
Name Number Orbits  Inclination Pitch Height Period
GPS 24 6 55.0° 30.0° 20,200 KM 11 h 58 min
BEIDOU 37 5 55.0° 120.0° 21,500 KM 12 h 50 min
GLONASS 24 3 64.8° 120.0° 19,100 KM 11 h 15 min
GALIEO 30 3 56.0° 120.0° 23,222 KM ~14h

Algorithm DCCF-GA proposed in this paper is implemented programmatically in
combination with simulation data and deployed under a computing node with multiple
simulations. Every node is assigned different computing and communication capabili-
ties through threaded pass-through parameters. Varying factors, such as the number of
computing nodes, the amount of computing tasks, and the communication delay, and the
results are evaluated by two evaluation metrics: computational energy consumption and
completion time. The total energy consumption is equal to the product of execution time
and execution speed consumption per satellite, which is related to the completion time.
To improve the reliability of experiments, when implementing genetic algorithm-based
scheduling, the default scheduling algorithm in the simulation environment is compared,
each group of experiments is repeated several times, and the average results are calculated
each time.

4.2. Results Comparison with Other Algorithms

As shown in Figure 8, the maximum completion time index is displayed and analyzed.
We verify that our proposed DCCF-GA is superior to SS from three aspects, as shown in the
figure. As the number of tasks, communication delay, and the number of computing nodes
increase, in terms of maximum completion time, the performance of DCCF-GA is better
than SS. As shown in Figure 9, the energy consumption index is displayed and analyzed.
When the number of tasks increases, energy consumption also increases. Therefore, we
chose to analyze the number of tasks as a variable. By varying the number of tasks, we
can observe that as the number of tasks increases, the energy consumption of DDCF-GA is
lower than that of SS.
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Figure 8. Performance comparison of DCCF-GA and SS in completion time. (a) Comparing the
completion time of DCCF-GA and SS when the number of tasks is different; (b) Comparing the
completion time of DCCF-GA and SS when communication delay is different. (¢) Comparing the
completion time of DCCF-GA and SS when the number of satellite nodes is different.
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Figure 9. Performance comparison of DCCF-GA and SS in energy consumption.

The experimental results regarding the number of computational tasks are first ana-
lyzed. The basic parameters of the current significant satellites are shown in Table 2. 20
satellite nodes are averaged. The maximum completion time is calculated and compared
by gradually increasing computational tasks under the constraint of the same number of 20
computational nodes and communication delays. The maximum completion time of SS in
the results grows in a simple linear positive correlation with the increase in the number of
tasks. In order to reduce the influence of other factors, a smaller number of computational
tasks and the same number of computational nodes are selected for repeated experiments.
The results show that DCCF-GA has a significant computation speed advantage in low
and high latency environments. After the first two rounds of experiments, the maximum
completion time of DCCF-GA and SS is similar when the number of tasks is 400, and
the communication delay is 3 s. Under this constraint, the maximum completion time is
gradually increased, and the results show that the maximum completion time of the two
scheduling algorithms is quite similar. In the early stage, the computation speed improved
significantly with the increase in the number of nodes. Still, when the number of nodes
was increased to 30, a time bottleneck appeared on both sides. The computation speed
improvement began to slow down, which required further comparison and analysis in
terms of efficiency. Additionally, as shown in Figure 8, this paper mainly selects the number
of tasks to compare the performance of DCCF-GA and SS. When the number of tasks
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gradually increases, the growth rate of DCCF-GA gradually slows down. Additionally, the
energy consumption of DCCF-GA is lower than SS. In real satellite scenarios, the number
of tasks is a crucial factor.

In general, the completion time and energy consumption above can directly judge
the superiority and inferiority of the scheduling algorithm from the subjective perspective.
Based on the results shown in the figure, the algorithm DCCF-GA has considerable advan-
tages over the default Sequential Scheduling (SS) algorithm in the simulation environment
after 36 sets of repeated experiments of three kinds.

Comparing the DCCF-GA scheduling algorithm used in this paper with some common
batch and immediate mode heuristic scheduling algorithms in distribution. EF scheduling
algorithm (Earliest First) is a direct mode scheduler. When a task is to be processed, the
scheduler will consider the existing load on each satellite. Then, it will assign the task to the
satellite, which completes the calculation first. Lightest Loaded (LL) is an immediate mode
scheduling that will assign tasks to the satellites with the lowest current load, regardless
of the task size. The Round Robin (RR) algorithm is the most basic immediate mode
scheduling, and tasks are allocated to satellites in a round-robin manner. Use empty load
or task information when making scheduling decisions. The Max-Min (Max-Min, MX)
scheduling algorithm is a batch mode heuristic scheduling. It adopts task batches based
on FCFS and sorts these tasks in descending order according to their size. The largest task
is then assigned to the node that will complete the computation first, and the operation
repeats until the task queue is empty. Then, another task queue is considered. The main
purpose of this schedule is to schedule the largest tasks as early as possible and fill the gaps
with smaller tasks. Min-min (MM) algorithm is similar to MX, except that the tasks are
sorted in ascending order of size. ZO is a batch scheduler that creates schedules based on
particle swarm optimization.

The two critical indicators of execution energy consumption and completion time
are still used to evaluate DCCF-GA and the six scheduling algorithms introduced above.
The experimental results are compared in repeated simulation experiments with the same
number of computing nodes and high computing task volume. Figure 10a shows that the
maximum completion time of different scheduling algorithms is compared. Figure 10b
shows the efficiency comparison of different scheduling algorithms as the amount of
computing tasks changes. According to the experimental results, the DCCF-GA algorithm
is superior to other algorithms in energy consumption and maximum completion time.

0.9

—— EF
—— LL
-1 RR
—— MX
—— MM
— 70
= DCCF-GA

10,000 0.8

0.7F

0.6

5,000 0.5r

energy efficiency

MW\\

Completion time

500 1000 1500 2000 2500 3000 3500 4000
task number

(a) (b)

EF LL RR MX MM ZO DCCF-GA

Figure 10. Performance comparison results with other algorithms. (a) Calculate the completion
time of other six algorithms; (b) Calculate the energy consumption ratio of other six algorithms. By
comparing the experimental results, it can be seen that DCCF-GA is superior to others.
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4.3. Simulation Environment

In the distributed computing environment of satellite networks, the main external
constraints are the dynamically changing network topology and the communication visi-
bility between satellites. Although the dynamic topology of the satellite network changes
in real-time and the satellite nodes operate at high speed, its topology structure has the
characteristics of periodic oscillations so that the parameters of each satellite orbit can
be obtained through calculation. Visibility between satellites is to test the feasibility of
interstellar calculations.

In terms of setting up the simulation environment of the satellite network, STK is
currently a standard analysis software in the aerospace field. STK includes a variety of
space element databases such as satellites, radars, and ground stations. Users can set
multiple parameters of satellite orbits to create satellite entities. It has a 3D optical module,
which can comprehensively display the operating status of the constellation within the
specified time range and provide detailed reports.

Satellite ephemeris (TLE, Two-Line Orbital Element) is used to describe spaceflight
objects’ position and velocity. TLE records the six parameters of the satellite’s orbit. The
STK-Java API can realize STK and Java interconnection for secondary development, obtain
the parameters of each satellite by reading and cleaning TLE data, and create satellites in
batches. As is shown in Figure 11, which is simulating the BEIDOU-3 satellite.

Figure 11. The simulation experiment scene of BEIDOU-3 satellite. We created some BEIDOU-3
satellite and they run in orbit.

4.4. Simulation Results

Based on the satellite computing platform, this paper imported the ephemeris data of
25 satellites of the BEIDOU-3 satellite constellation. So, we can simulate the construction of
the BEIDOU-3 satellite constellation environment and the scheduling of data computing
tasks in the navigation task. Each satellite randomly allocates threads to provide computing
power. The computing data in the navigation task generates 1000 computing tasks of
different magnitudes by constructing simulated computing task classes. Those tasks
are divided into four computing task queues, each queue contains 250 sub-tasks. The
visibility of inter-satellite communication uses the satellite data report generated by STK to
calculate each satellite. The straight-line distance of the satellite’s relative position and the
parameter distance of visible communication is set, and the relative distance determines
the communication delay. After constructing the constraints of the DCCF-GA algorithm,
the final scheduling assignment result is shown in Figure 12.

After the satellites performed 1000 computing tasks, Figure 12 shows the number of
tasks assigned to each satellite. Finally, we also got the simulation experiment’s completion
time and energy consumption. As shown in Table 3, the DCCF-GA algorithm was applied
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to the simulation experiment, and the simulation results are close to the experimental
results as shown on Figures 8a and 9 in Section 4.2.

T LI | LI L T7TTT LI | T
o . o | task numbers

Task Numbers

Figure 12. The simulation results. Set DCCF-GA on the simulation platform, and then get the final
collaborative result.

Table 3. The simulation results, completion time and energy consumption of the BEIDOU-3 satellite.

Satellite System Completion Time Energy Consumption
BEIDOU-3 110.35 2315.30

5. Conclusions and Future Work

In this paper, we propose a collaborative computing algorithm DCCF-GA. It adapts
to the satellite’s environment to accomplish the problem of scheduling computing tasks
for multi-satellite collaborative computing, to make the collaborative computing achieve
energy minimization and minimum completion time. Under the actual on-satellite environ-
ment constraints, DCCF-GA algorithm provides an efficient method. We develop an energy
consumption and a completion time model for multi-satellite collaborative computing. We
use DCCF-GA algorithm to obtain the optimal solution of the objective function within the
number of iterations by crossover variation. DCCF-GA outperforms different algorithms in
energy consumption and completion time through repeated experiments and comparison
with other scheduling algorithms. It can achieve near-optimal efficiency, which verifies the
correctness and effectiveness of the algorithm.

The following issues will be addressed in our future research: First, we will further
improve the model for satellite collaborative computing, e.g., by considering constraints
over a longer dynamic time. Furthermore, we will extend our experiments to practical
applications. Finally, the problems related to resource diversity, data transmission loss, etc.,
will be fully considered to improve the algorithm.
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