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Abstract: The problem of multiple DAGs sharing satellite constellation resources has gradually
attracted widespread attention. Due to the limited computing resources and energy consumption of
satellite networks, it is necessary to formulate a reasonable multi-DAG task scheduling scheme to en-
sure the fairness of each workflow under the premise of considering latency and energy consumption.
Therefore, in this paper, we propose a multi-DAG satellite network task scheduling algorithm based
on cache-composite priority under the Software-Defined Networking satellite network architecture.
The basic idea of this algorithm lies in the DAG selection phase, where not only are task priorities com-
puted but also the concept of fair scheduling is introduced, so as to prevent the excessively delayed
scheduling of low-priority DAG tasks. In addition, the concept of public subtasks is introduced to
reduce the system overhead caused by repetitive tasks. The experimental results show that the hybrid
scheduling strategy proposed in this paper can meet the demand of DAG scheduling and improve
the degree of task completion while effectively reducing the task latency and energy consumption.

Keywords: Software-Defined Networking; satellite network; multi-DAG scheduling; fairness

1. Introduction

Sixth-generation technology combines fifth-generation technology with satellite net-
works to achieve global coverage and is considered a cheap and fast internet technology.
The goal of 6G technology is to provide mobile users with multimedia and networked
all-weather information services [1–3]. Applying edge computing technology to both
ground networks and satellite networks endows the network with characteristics such
as low latency, low energy consumption, high speed, and real-time insight into wireless
networks [4]. This will undoubtedly be extensively utilized in the architecture of 6G net-
works. The introduction of edge computing technology into the satellite network, that is,
the extension of the cloud computing platform to the network edge, can provide users
with heterogeneous computing resources and enable users to obtain computing services
anywhere in the world, thereby improving user service experience and reducing redundant
network traffic [5].

Due to the limited computing power and energy consumption of Mobile Edge Com-
puting (MEC) servers, only a portion of service requests can be deployed at the same time,
and the amount of computing resources allocated to each service is also limited. End users
wish to offload as many tasks as possible to satellite edge computing nodes to reduce
transmission latency and enhance user experience. To make full use of the resources of
satellite MEC servers and enhance user experience, reasonable task deployment algorithms
have become a key focus of current research. Wang B et al. proposed a system cost model
for Low-Earth-Orbit (LEO) satellite edge computing systems, which can be represented as a
mixed-integer nonlinear programming problem. The model decomposes the problem into
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computation offloading and resource allocation and then proposes the Joint Computation
Offloading and Resource Allocation (JCORA) strategy. Experimental results show that this
model can significantly reduce the average cost of a system [6]. Wang Y et al. proposed a
game theory approach to optimize the computational offloading strategy in satellite edge
computing, constructing a computational offloading game framework. When response time
and energy consumption based on computing tasks are taken as indicators of optimized
performance, the average cost of equipment can be significantly reduced [7]. Tang Q et
al. proposed a hybrid cloud and edge computing LEO satellite (CECLS) network with a
three-layer computing architecture and studied the computing offload decision to minimize
the total energy consumption of ground users [8]. However, some new applications have
emerged that require a large amount of computing resources. For example, virtual reality
and HD video require a large amount of computing resources for rendering and video
encoding and decoding [9]. Autonomous vehicles rely on large amounts of computing
resources for automatic control [10]. Deep learning tasks deployed on IoT devices rely
on large amounts of computing resources for model training [11,12]. The above tasks
cannot be supported by a single MEC node due to their huge computing loads. These tasks
can be optimized and selected for deployment to the remote cloud through algorithms.
However, due to the long transmission distance between the end user and the cloud server,
the transmission delay is relatively large.

Therefore, when allocating tasks, they are no longer deployed in the remote cloud, but
are split into multiple subtasks that are assigned to satellite nodes, which can make full
use of the satellite resources, thus significantly reducing the latency of task execution. In
this paper, the correlation of subtasks is represented by a directed acyclic graph (DAG),
and the DAG graph is always single-input and single-output. The essence of multi-DAG
task scheduling is to reasonably arrange subtasks with priority relationships, map them
to appropriate nodes for execution, and achieve optimization in terms of resources or
execution time. The main focus of this paper is the multi-DAG task scheduling problem
within the integrated Software-Defined Networking (SDN) satellite network architecture.
In the DAG selection phase, we not only calculate task priorities but also incorporate
the concept of fair scheduling to prevent potential excessive delays in the scheduling of
low-priority DAG tasks. In addition, in multi-DAG task scheduling, there are some public
subtasks, and these public subtasks can reuse the same processing results. In this study, we
take advantage of the extensive coverage characteristics of satellite networks to repetitively
use these public subtasks, thereby enhancing performance. The main contributions of this
paper are as follows:

• In the SDN satellite task deployment network architecture, the idea of splitting the
tasks that the MEC server cannot afford into DAG subtasks is proposed.

• The concept of public subtasks is introduced, combined with the SDN controller,
adding a public task management module and reducing the system overhead caused
by repetitive subtasks, thereby improving resource utilization.

• This paper proposes a multi-DAG satellite network task scheduling algorithm based
on composite priority. Compared with the Fairness scheduling algorithm and LB-
HEFT scheduling algorithm, when introducing public subtasks, the task completion
time and task energy consumption of this algorithm increase by nearly 20%.

The remainder of this paper is organized as follows. In Section 2, the relevant research
on DAG task scheduling is introduced. In Section 3, we propose a multi-DAG task schedul-
ing algorithm based on cache-composite priority. In Section 4, we carry out a simulation.
Section 5 presents a summary of the article and research prospects.

2. Related Research

Most current research on task scheduling involves splitting tasks into subtasks. Due
to the clear dependency relationship between subtasks, the current research mainly focuses
on DAG task scheduling. Topcuoglu H et al. proposed a method to generate a scheduling
list, arrange the list according to task priority, select the task with the highest priority
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for scheduling according to the list, and use a strategy to allocate tasks to appropriate
processors in order to minimize the predefined objective function. This method is the
most well known HEFT algorithm [13]. Arabnejad H et al. improved the HEFT algorithm
by not only considering the completion time of the current task, but also predicting the
completion time of the subsequent tasks and including comprehensive considerations
to obtain better scheduling decisions [14]. Mahmoud H et al. took load balancing as
the optimization objective and proposed the LB-HEFT algorithm based on the HEFT
algorithm. This algorithm improved the performance of load balancing by 72.59% [15].
Senapati D et al. used the actual communication time between tasks to replace the average
communication time in the task priority evaluation phase and accurately analyzed the
impact of heterogeneous data transmission time on task priority. When matching edge
nodes for tasks, the influence of the entire DAG task completion time on the current task
matching process was explored recursively, and a novel pruning mechanism was developed
to prune the search process in order to reduce the time complexity of the algorithm [16].
Hamza Djigal et al. introduced a forward-looking function during the determination of
task priorities and processor matching phase. This involved considering the priority of
the current task and its immediate successor tasks to adjust the priority of the current
task. Additionally, the matching of the current task to a server was guided by evaluating
the minimum completion time of the entire task [17]. Zhao Y et al. further extended this
forward-looking function by introducing a pre-scheduling phase before determining task
priorities and server matching. In this phase, the PEFT algorithm [18] was used to preplan
a feasible solution for task scheduling, and this solution was used as a guide to analyze the
impact of the entire DAG task completion time on task priority determination and server
matching, further reducing the makespan [19]. In addition, evolutionary algorithms are
also suitable for solving DAG task scheduling problems. Keshanchi B et al. proposed a
DAG task scheduling problem with the optimization goal of processing latency and used a
genetic algorithm to solve it [20].

The above papers mainly studied how to schedule a single DAG with multiple re-
sources. These methods have been widely used and are basically mature. However, with
the increasing demand for low cost and resource-sharing application systems, the schedul-
ing problem of multi-DAG tasks needs to be solved. Zhao H et al. proposed the well-known
Fairness algorithm. The basic idea is to calculate and compare the slowdown values of
different DAGs after scheduling tasks, then select the DAG with the largest slowdown
value from multiple DAGs, and use the corresponding single-DAG scheduling algorithm
for scheduling. This process is repeated until all tasks in all DAGs are scheduled. Experi-
mental results demonstrate that the Fairness scheduling algorithm effectively improves
the relative fairness of multiple tasks [21]. Zhu Y et al. proposed an intelligent scheduling
method for multi-DAG jobs using deep reinforcement learning, called Smart-mDAG. It
is a job-specific scheduling method that adjusts the scheduling policy based on diverse
dependencies to minimize the makespan [22]. The above algorithm is suitable for situations
where the priorities of individual DAGs are not defined, but in practice, the priorities of
individual tasks are often different. Tian G et al. proposed an algorithm called Backfill,
which effectively solved this problem. The algorithm was improved based on the Fair-
ness scheduling algorithm, which can simultaneously consider multiple different types of
DAG scheduling requirements, including factors such as arrival time and priority [23]. In
addition to algorithms that improve fairness, other algorithms can also solve multi-DAG
scheduling problems. Zhang Y et al. proposed an online task scheduling optimization
method for DAG-based requests and modeled the scheduling procedure as a Markov
decision process. A temporal-difference learning-based mechanism was adopted to learn
an optimal task allocation strategy at each decision stage [24]. Cai L et al. proposed a
fault-tolerant DAG task scheduling algorithm to minimize the response latency experienced
by tasks. After formulating the DAG task scheduling problem, a context-aware greedy
task scheduling algorithm was proposed. Then, to address edge server failure events, a
dependency-aware task rescheduling algorithm was designed [25]. Lin Z et al. proposed a
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multi-DAG scheduling algorithm based on reinforcement learning. They first utilized a
convolutional neural network with graph attention to fully process and encode scheduling
information. Then, a fully connected neural network selected appropriate nodes from the
DAG application for execution. Finally, a heuristic approach was employed to repeatedly
allocate processors to the selected nodes based on the earliest completion time [26].

In summary, current multi-DAG task scheduling primarily focuses on task execu-
tion time and resource utilization. However, unlike ground networks, satellite networks
equipped with edge computing capabilities face challenges of limited computational re-
sources and constrained energy (the energy consumption is directly related to the satellite’s
lifespan). Therefore, when integrating multi-DAG task scheduling with satellite networks,
factors such as task latency and energy consumption should be considered. Furthermore,
there is currently a lack of research on the multi-DAG task scheduling problem in the
context of integrated SDN satellite networks.

3. System Model
3.1. Satellite Network Model

As shown in Figure 1, the SDN satellite task deployment network architecture is
composed of an LEO satellite network and a Geostationary-Earth-Orbit (GEO) synchronous
satellite network [27]. LEO satellites form a space access network and provide wireless
access rights to sparse terminal devices on the ground, forming the forwarding layer of the
SDN satellite network. On the other hand, LEO satellites can deploy edge computing nodes
to directly provide services to end users, thereby significantly shortening the response delay
of terminal devices. Benefiting from their broad coverage characteristics, GEO synchronous
satellites can be used as the control layer of the SDN satellite network to maintain network
topology and status information and perform routing using the OpenFlow protocol [28].
In the SDN-based satellite network architecture, LEO satellites can quantify their own
computing resources and communication resources, uploading the current resource status
to the SDN controller [29].

Figure 1. SDN satellite task deployment network architecture.
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3.2. Multi-DAG Task Deployment Process

In certain DAG tasks, there are public subtasks that can reuse the same processing
results, such as the recognition of remote sensing images for the same geographical loca-
tion. These public subtasks only need to be executed once, thereby reducing unnecessary
resource consumption. To meet the requirements of DAG satellite network task scheduling,
public subtasks can be processed uniformly. We deploy a task decomposition module,
task deployment management module, and public task management module in the SDN
controller. The task decomposition module primarily decomposes incoming tasks, stor-
ing the decomposed tasks in the DAG pool. The task deployment management module
provides edge computing node monitoring and task deployment functions. The public
task management module is primarily used to identify and execute public subtasks in the
DAG pool. Due to the extensive coverage of GEO synchronous satellites, they naturally
provide an advantage for deploying public subtasks. A schematic diagram of multi-DAG
task deployment is shown in Figure 2.

Users
Monitoring 

Application

Internet of Things 

Application

DAG Pool

Edge Computing Module

Edge Computing 

Node 

Management 

Services

Task Deployment 

Service

Public Task 

Management 

Service

Figure 2. Multi-DAG task deployment diagram.

Multiple different users on the ground send task deployment requests to their corre-
sponding coverage satellites. The receiving satellites uniformly send task information to
the SDN controller. The task decomposition module of the SDN controller decomposes
the tasks into DAG subtasks and stores them in the current DAG pool. The public task
management module in the SDN controller scans the subtasks in the DAG pool. When a
subtask has been executed a certain number of times, it is marked, and its execution result is
cached on the GEO satellite. This cached result is then made available as a public resource
for all tasks. Then, based on the resource information obtained from satellite nodes, the task
deployment module schedules multi-DAG tasks through an algorithm to select the optimal
deployment locations. The SDN controller sends the corresponding control information
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to the LEO satellite and forwards tasks to the specified deployment locations through a
flow table.

3.3. Cost Model

Assuming that multiple users on the ground initiate different service requests, these
service requests are represented as a = {application1, application2, . . . , applicationn}, where
n represents the number of requests. Thus, the set of service request identifiers can be
represented as N = {1, 2, . . . , n}. As the tasks in the service requests are too large, they
need to be divided into multiple subtasks. The relationship between subtasks is represented
by a directed acyclic graph (DAG). An example DAG is illustrated in Figure 3. The DAG
is represented by the binary tuple G = (V, E), where V = {v1, v2, . . . , vs} represents
the subtask node set of the DAG, s = |V| represents the total number of subtasks, E =
{ei,j | ei,j =< vi, vj >, ei,j ∈ V × V} represents the directed edges of the DAG, and each
edge connects two different subtasks at its two ends. If ei,j ∈ E, it means that there is a
dependency between subtask vi and subtask vj, whereby subtask vj can only be executed
after the successful completion of subtask vi.

1v

10v

2v 4v 6v5v

7v 9v8v

3v

1,3e 1,4e
1,2e

1,5e
1,6e

2,8e

2,7e 4,7e
3,7e

7,10e

6,8e4,8e
5,9e

9,10e8,10e

Figure 3. DAG example diagram (s = 10).

Let P = {p1, p2, . . . , pm} represent the set of edge computing nodes, where m = |P|
denotes the number of edge computing nodes. We use wi,j to represent the calculation
delay of subtask vi on the edge computing node pj. wi,j can be expressed as

wi,j =
Li
hj

(1)

where Li is the calculation amount of the subtask vi, represented by million instructions
(MI), and hj is the processing power of the current edge computing node pj, represented by
million instructions per second (MIPS).

Then, the energy consumption Θi,j of this execution can be expressed as

Θi,j = wi,j × Pwork
j (2)

where Pwork
j represents the power of the edge computing node pj in operation.

Therefore, we define the matrix W = [wi,j]s×m as the computation latency of the
subtask set on all edge computing nodes. Similarly, the matrix J = [Θi,j]s×m is defined as
the energy consumption of the task set on all edge computing nodes.
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W =


w11 w12 · · · w1m
w21 w22 · · · w2m

...
...

. . .
...

ws1 ws2 · · · wsm

 (3)

J =


Θ11 Θ12 · · · Θ1m
Θ21 Θ22 · · · Θ2m

...
...

. . .
...

Θs1 Θs2 · · · Θsm

 (4)

Assuming that in a satellite network, the communication speed between any two edge
computing nodes is the same, we can use the transmission cost between two nodes as the
communication cost. Each edge in the DAG corresponds to a communication cost. Let
C = {ci,j | ei,j ∈ E, ci,j > 0} represent the set of communication costs for the entire DAG,
where ei,j represents the directed edge from subtask vi to its successor subtask vj, and ci,j is
the weight of ei,j. The communication cost can be expressed as

ci,j = ti,j × Ppass (5)

where ti,j represents the communication latency between edge computing nodes i and j,
and Ppass represents the transmission power between satellites.

Adopting the concept of upward rank values proposed by the classical HEFT algo-
rithm, sorting the subtask priorities rankk(vi) for each DAG, rankk(vi) can be expressed as

rankk(vi) = α wi + β Θi + max(ci,j + rankk(vj)) (6)

where wi represents the average execution time of the subtask vi on different edge com-
puting nodes, and Θi represents the average energy consumption of the subtask vi on
different edge computing nodes. α, β ∈ [0, 1], and α + β = 1, where α and β represent the
balance ratio parameters for the average completion time and average energy consumption,
respectively. ci,j represents the communication cost from the subtask vi to the successor
subtask vj. A higher weight for rankk(vi) indicates a higher priority for scheduling, where k
represents the service request’s identifier. For the above variables, normalization is required
when performing summation.

The above design is specifically intended for regular DAG subtasks. Public sub-
tasks, due to their uniqueness, are uniformly identified and executed by the public
task management module within the GEO satellite. When executing the batch task set
a = {application1, application2, . . . , applicationn}, preprocessing is uniformly carried out
by the public task management module of the SDN controller. If a subtask is executed more
than two times, it will be marked, and the execution results of the subtask will be cached in
the GEO satellite for public use by all tasks. Setting a time parameter T, if a public subtask
has not been executed beyond the time T, the record for that subtask is removed from the
public task management module. We assume that the public subtasks are represented by
vcommon

i , and the set of public subtasks is represented by Common.

3.4. Algorithm Design

Different DAG workflows submitted by various users have distinct task requirements.
When multiple tasks are simultaneously offloaded to edge servers, considering the limited
computing resources of edge servers, allocating computing resources reasonably based
on task priorities becomes a crucial issue. Defining any DAGk(1 ≤ k ≤ n), the priority of
applicationk can be expressed as

Tk =
1

1 + etstat
k̇

+tk−systemtime
(7)
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where tk represents the maximum tolerated execution time, tstart
k represents the moment

when the task accepts scheduling, and systemtime represents the current system time.
To prevent potential excessive delays in scheduling low-priority DAG tasks, in ad-

dition to considering task priorities, this paper introduces the concept of fair scheduling
during the DAG selection phase, that is, the tasks in the DAG task queue with the greatest
relative lag degree are always scheduled first. In the fair DAG selection step, to address
fairness issues in multi-DAG applications, the relative lag degree can be expressed as

SlowdownM(k) = 1 − Mown(kvi )

Mmuti(kvi )
(8)

where Mown(kvi ) represents the completion time of a subtask vi when DAGk is scheduled
independently, and Mmuti(kvi ) represents the completion time of subtasks vi when DAGk
is scheduled in a multi-DAG scenario. Additionally, to prevent excessive waiting times
for low-priority tasks, we introduce the waiting time waitk since the last scheduling of the
current DAGk. The final total scheduling priority can be expressed as

Yk = SlowdownM(k) + waitk + Tk (9)

The task scheduling algorithm for DAG satellite networks based on cache-composite
priority is shown in Algorithm 1.

Algorithm 1 DAG Satellite Network Task Scheduling Algorithm Based on
Cache-Composite Priority

Input: DAG set a to be scheduled, available resource set P
Output: Scheduling scheme Sresult for all DAGs in set a
1: Apply Formula (6) on the resource set P to calculate the priority of all subtasks for each

DAG in the DAG set a to be scheduled, and save the results to Sown
2: Mark each DAG as unscheduled and place it into the unscheduled set U
3: Initialize the priority Tk for all DAGs in the unscheduled set U according to Formula (7)

and sort them in descending order
4: Preprocess all DAGs, find the public subtask set Common, and cache the results
5: while U ̸= ∅ do
6: Take out the first DAG task ak from the set U
7: According to the result stored in Sown, take out the subtask vi with the highest current

priority from ak
8: if vi ∈ Common then
9: Request the SDN controller to obtain the task result from the cache

10: else
11: Record the completion time of the scheduling subtask vi as d, and save the schedul-

ing result to Sresult
12: end if
13: if vi is the last task of the current DAG then
14: Delete task ak from U
15: else
16: Mown(kvi ) is the scheduling time of vi in Sown, d is the value of Mmuti(kvi ). Update

the priority Yk of DAGs in the set U according to Formula (9)
17: Re-sort all DAGs in set U in descending order according to the value of Yk
18: end if
19: end while

Next, we analyze the overhead of scheduling Algorithm 1 in the system. Firstly, the
complexity of calculating the priorities of all subtasks in the set of DAGs to be scheduled is
O(ns log(ns)), where ns represents the number of subtasks. Secondly, the complexity of
reordering all DAGs in the set U based on priority is O(n2 log n), where n represents the
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number of DAGs. Therefore, the complexity of the Cache-Composite priority algorithm is
O(max(ns log(ns), n2 log n)).

4. Simulation Experiment

This simulation experiment utilized NS2 simulation software to simulate the infor-
mation transmission network. In the simulation software, the LEO satellites constellation
in this paper adopted the Iridium constellation, a diagram of which is shown in Figure 4.
The constellation structure consists of 66 satellites orbiting in six polar circular orbits, at an
altitude of approximately 780 km, to ensure global coverage. Additionally, the constellation
composed of three GEO satellites can cover the whole Iridium constellation. The SDN
controller was deployed for the GEO satellite constellation. The SDN controllers of the
three GEO satellites synchronized their data with each other and provided services for
the LEO satellites covered by them. The SDN controller can monitor satellites within the
Iridium constellation and schedule multi-DAG tasks received by the LEO satellites (DAG
scheduling can be achieved through software programming and then deployed to the SDN
controllers on the GEO satellites through the north interface), achieving global optimization.
The Iridium communication network can provide reliable communication connections
globally, enabling the SDN controller to effectively manage and schedule DAG tasks. This
is particularly helpful for scenarios requiring task distribution and data transmission across
different geographical regions. The processing speed of edge computing nodes, the work-
load of subtasks, the power of edge computing nodes, and the transmission power between
satellites were set [30] as listed in Table 1.

Figure 4. Iridium constellation diagram.

Table 1. System simulation parameters.

Parameter Value

Edge computing node processing speed hj 200∼300 MIPS
Subtask workload Li 20∼100 MI

Edge computing node power Pwork
j 300∼350 W

Inter-satellite transmission power Ppass 1∼4 W

4.1. Multi-DAG Task Completion Time and Energy Consumption Experiment

To validate the performance of the proposed multi-DAG task scheduling algorithm,
in the simulation experiments, we randomly generated various edge computing nodes
(m = 3, 5, 7, 15) and multiple random DAGs (n = 5, 10, 15) in the satellite network for
testing and conducted 50 experiments on the Composite priority algorithm, Fairness
algorithm, LB-HEFT algorithm, and Cache-Composite priority algorithm, respectively. The
comparison diagram of average completion time and total energy consumption is shown
in Figures 5 and 6.
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Figure 5. Average completion time comparison diagram.
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Figure 6. Total energy consumption comparison diagram.

The comparison diagram of DAG completion time is shown in Figure 5, where the
completion time of the Composite priority algorithm and LB-HEFT algorithm is superior
to that of the Fairness algorithm, showing an improvement of nearly 5% in performance.
As the number of tasks increased, the gap gradually decreased. The reason for this phe-
nomenon is that the Composite priority algorithm needs to consider the priority of each
DAG task. When the number of tasks increased with a constant number of edge comput-
ing nodes, the weight of the DAG task priority increased, thus affecting the results. The
introduction of the Cache-Composite priority algorithm significantly improved the perfor-
mance, with the completion time performance increasing by nearly 20%. The total energy
consumption comparison diagram is shown in Figure 6. Due to the Composite priority
algorithm considering not only completion time but also energy consumption factors, its
energy consumption was superior to that of the Fairness algorithm, resulting in a reduction
in the energy consumption of nearly 7%. Similarly, the performance of the Composite
priority algorithm with caching was enhanced by almost 25% compared to the Fairness
algorithm. Because the LB-HEFT algorithm does not optimize for energy consumption, its
energy consumption performance was comparable to that of the Fairness algorithm.

In summary, the performance of the Composite priority algorithm and LB-HEFT
algorithm showed a slight improvement compared to that of the Fairness algorithm in
terms of both DAG completion time and energy consumption. Building upon the Com-
posite priority algorithm, the introduction of a satellite SDN controller public task man-
agement module employing the Cache-Composite priority algorithm, which identifies and
caches public subtasks, resulted in a significant performance improvement compared to the
Fairness algorithm.
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4.2. Multi-DAG Task Scheduling Fairness Experiment

In this study, we needed to conduct experiments on the scheduling fairness of the four
algorithms. According to previous research [21], the unfairness of the scheduling algorithm
is defined as

Un f airnessM(S) = ∑
∀k∈a

|SlowdownM(k)− AvgSlowdownM| (10)

where AvgSlowdownM represents the average SlowdownM value for all DAGs, and the
smaller the value of Un f airnessM(S), the higher the scheduling fairness of the algorithm.
The unfairness of the four algorithms is shown in Figure 7.
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Figure 7. Unfairness degree comparison diagram.

The unfairness comparison diagram is shown in Figure 7. In the evaluation of unfair-
ness performance, the average unfairness increased with the growth in DAG task numbers
and decreased with the increase in node numbers. The performance of the Composite
priority algorithm was the poorest. The reason for this is that the priority of the original
DAG task increased during multi-DAG scheduling, which affected the performance of
the algorithm compared with the Fairness algorithm. The LB-HEFT algorithm’s perfor-
mance was slightly better than that of the Fairness algorithm, while the performance of the
Cache-Composite priority algorithm was the best. Due to the introduction of the concept
of fair scheduling in the Cache-Composite priority algorithm, the difference in unfairness
between the two algorithms became more pronounced compared to the Fairness algorithm.
The unfairness of the Cache-Composite priority algorithm was reduced by 42.1%.

4.3. Multi-DAG Task Load Balancing Experiment

Tables 2–5, respectively, represent the number of tasks assigned by of the multiple
edge computing nodes (m = 3, 5, 7, 15) during random multi-DAG generation. To assess the
load balancing performance of the four algorithms, a performance analysis was conducted,
and we defined the load balancing factor as

σ =

√
∑m

i=1 | aνgload − loadi |
m

(11)

where avgload represents the average load of the batch of nodes; loadi represents the load
of node i; and the smaller the factor, the better the load performance. The load balancing
factor for the Fairness algorithm, Composite priority algorithm, Cache-Composite priority
algorithm, and LB-HEFT algorithm can be obtained from Tables 2–5, as shown in Figure 8.
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Table 2. Number of node tasks (edge computing node m = 3).

Fairness Composite Priority Cache-Composite Priority LB-HEFT

Node 1 42 35 45 40
Node 2 44 47 39 39
Node 3 32 36 34 39

Table 3. Number of node tasks (edge computing node m = 5).

Fairness Composite Priority Cache-Composite Priority LB-HEFT

Node 1 30 27 27 24
Node 2 24 25 24 24
Node 3 20 24 21 25
Node 4 21 18 24 24
Node 5 23 24 22 23

Table 4. Number of node tasks (edge computing node m = 7).

Fairness Composite Priority Cache-Composite Priority LB-HEFT

Node 1 21 16 18 17
Node 2 17 18 17 16
Node 3 21 19 19 16
Node 4 15 17 17 17
Node 5 17 19 17 17
Node 6 12 15 16 18
Node 7 15 14 14 17

Table 5. Number of node tasks (edge computing node m = 15).

Fairness Composite Priority Cache-Composite Priority LB-HEFT

Node 1 8 8 8 8
Node 2 9 9 8 8
Node 3 8 8 8 8
Node 4 7 8 8 8
Node 5 7 9 9 8
Node 6 9 8 8 8
Node 7 7 8 8 8
Node 8 8 7 7 7
Node 9 9 7 7 7

Node 10 7 8 8 8
Node 11 9 7 8 8
Node 12 8 8 7 8
Node 13 7 8 8 8
Node 14 8 7 8 8
Node 15 7 8 8 8

From Figure 8, it can be observed that the load performance of the LB-HEFT algorithm
was the best, followed by that of the Cache-Composite priority algorithm proposed in this
paper. Both algorithms outperformed the Fairness algorithm and the Composite priority
algorithm in terms of load balancing performance.
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Figure 8. Load balancing factor comparison diagram.

4.4. Multi-DAG Task Completion Degree Experiment

To verify whether the algorithm can meet the DAG scheduling requirements, that
is, whether it can meet the maximum tolerable latency of each task, the definition of task
completion degree is introduced: that is, the ratio of the number of random DAG tasks
meeting their respective maximum tolerable latency to the total number of random DAG
tasks. The task completion degree comparison is shown in Tables 6–9.

Table 6. Task completion degree comparison (edge computing node m = 3).

Fairness Composite Priority Cache-Composite
Priority LB-HEFT

Task count n = 5 3/5 4/5 5/5 4/5
Task count n = 10 4/10 6/10 8/10 5/10
Task count n = 15 5/15 8/15 14/15 7/15

Table 7. Task completion degree comparison (edge computing node m = 5).

Fairness Composite Priority Cache-Composite
Priority LB-HEFT

Task count n = 5 5/5 5/5 5/5 5/5
Task count n = 10 6/10 8/10 10/10 8/10
Task count n = 15 9/15 12/15 14/15 11/15

Table 8. Task completion degree comparison (edge computing node m = 7).

Fairness Composite Priority Cache-Composite
Priority LB-HEFT

Task count n = 5 5/5 5/5 5/5 5/5
Task count n = 10 7/10 9/10 10/10 10/10
Task count n = 15 10/15 14/15 15/15 14/15

Table 9. Task completion degree comparison (edge computing node m = 15).

Fairness Composite Priority Cache-Composite
Priority LB-HEFT

Task count n = 5 5/5 5/5 5/5 5/5
Task count n = 10 10/10 10/10 10/10 10/10
Task count n = 15 14/15 15/15 15/15 15/15
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Tables 6–9 show the task completion degree comparisons of the Fairness algorithm,
Composite priority algorithm, Cache-Composite priority algorithm, and LB-HEFT al-
gorithm executing multiple random DAGs (n = 5, 10, 15) on edge computing nodes
(m = 3, 5, 7, 15). In Table 6 (m = 3), the differences are pronounced. The task completion
degree of the Fairness algorithm was lower than that of the Composite priority algorithm,
LB-HEFT algorithm, and Cache-Composite priority algorithm. All four algorithms exhib-
ited a declining trend in task completion degree, with the Fairness algorithm showing a
significant fluctuation as task numbers increased. With the increase in edge computing
nodes, the task completion degree of the Cache-Composite priority algorithm consistently
exceeded 90%. The reason for this is that the Fairness algorithm did not consider the
tolerance latency of the task, and the Cache-Composite priority algorithm added this factor.
Consequently, during task scheduling, the priority of DAG tasks increased with time, which
influenced the results.

4.5. Multi-DAG Influence Parameter Experiment

As shown in Figure 9, we conducted experiments focusing on the balance ratio pa-
rameter in Formula (6). These experiments were conducted by using the Cache-Composite
Priority algorithm to execute multiple random DAGs (n = 15) on edge computing nodes
(m = 7). Figure 9a demonstrates that as the value of α increased, the DAG completion time
gradually decreased when scheduling subtasks. This is because in Formula (6), an increase
in the value of α results in a higher weighting of delay factors, which ultimately leads to a
reduction in the DAG completion time. Figure 9b shows that as the value of β increased,
the DAG total energy consumption gradually decreased when subtasks were scheduled.
This is because in Formula (6), an increase in the value of β results in a higher weighting of
energy consumption factors, which ultimately leads to a reduction in the DAG total energy
consumption.

The relationship between the balance ratio parameter and task completion degree
is illustrated in Figure 10. In order to explain the experimental results more clearly, this
experiment was conducted by using the Cache-Composite Priority algorithm to execute
multiple random DAGs (n = 10) on edge computing nodes (m = 3). Figure 10a demonstrates
that the task completion degree exhibited a gradual increase with the increase in the α value.
The reason for this is that as the α value increased, the task completion time was reduced,
thereby improving the task completion degree. Figure 10b shows that the task completion
degree exhibited a gradual decrease with the increase in the β value. The reason for this
is that an increase in the β value reduced the energy consumption, thereby affecting task
execution efficiency and resulting in a reduced task completion degree.
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Figure 9. Diagram of balance ratio parameter’s relationship with DAG completion time and DAG
total energy consumption.
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Figure 10. Balance ratio parameter and task completion degree relationship diagram.

5. Conclusions

In satellite edge computing, due to the limited computing capacity and energy con-
sumption of MEC servers, individual MEC nodes may struggle to handle the computational
load for certain tasks. To address this issue, this paper split large tasks into DAG tasks and
proposed a multi-DAG scheduling algorithm with composite priority. This algorithm effec-
tively resolves the challenge of deploying large tasks to remote clouds, thereby improving
user response latency and reducing system energy consumption. At the same time, in the
satellite edge computing system, the concept of public subtasks was introduced to reduce
system overhead from repetitive tasks. A multi-DAG task scheduling algorithm based
on cache-composite priority was proposed, and compared to the LB-HEFT algorithm, it
demonstrated improvements of nearly 20% in completion time performance and around
25% in energy consumption performance. Additionally, the Cache-Composite priority
algorithm reduced the unfairness by 42.1% and significantly enhanced the task completion
degree. However, the performance of the Cache-Composite priority algorithm in load
balancing was not ideal and requires further research and optimization.
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