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Abstract. The intelligent manufacturing workshops have the characteristics of heterogeneous resources, 
dynamically arriving tasks, strict deadlines, and the frequently changing states of machines and networks. In 
order to resolve the corresponding issues of delay, congestion, and instability of scheduling, the paper puts 
forward a dynamic resource allocation and task scheduling approach based on end-edge-cloud cooperation. 
Terminal, edge, and cloud nodes, virtual machine capacity, task size, transfer delay, deadlines, and energy 
consumption are all considered in the process of modeling the computing resources and manufacturing tasks. 
A multi-objective model is established in order to enhance task completion, resource utilization, satisfaction 
of service level agreements (SLA) and reduce delay and energy consumption. In the proposed approach which 
consists of three phases: task sorting, resource pre-allocation, and dynamic scheduling, tasks are adaptively 
reallocated according to changing of load, network, and node states. According to the experiments done using 
the simulator named EdgeCloudSim, when 1,000 tasks arrive each minute, this approach can maintain the 
average delay under 2.7 s and a success rate of more than 93%. The optimal edge offloading ratio is around 
0.74.
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1   Introduction

With the development of manufacturing technology and changes in manufacturing demand, advanced 
manufacturing models are changing the production methods of the manufacturing industry. The manufacturing 
industry is constantly advancing towards the direction of intelligent manufacturing, and the production 
characteristics are shifting from the original large-scale single product production model to a personalized 
production model with batch variability, variety diversity, and low-carbon intelligence. The products on the 
production line of manufacturing enterprises are constantly adjusted according to market demand, and the 
order requirements are constantly changing. Frequent dynamic adjustments increase the probability of dynamic 
emergencies such as equipment failures, which have a significant negative impact on product production and 
factory operations. At the same time, with the diverse batch changes in product types, sudden reduction in 
delivery cycles, quality cost constraints, energy consumption constraints, etc., manufacturing enterprises have 
continuously increased their requirements for the flexibility, scalability, and operational stability of intelligent 
production lines [1].

How to adapt the intelligent production mode to the personalized production mode with variable batch and 
demand, and achieve resource optimization and non-stop scheduling requirements of the system in dynamic 
environments, is an urgent problem to be solved in the current intelligent production scheduling. Looking 
at the current intelligent manufacturing industry, advanced manufacturing models mainly include agile 
manufacturing (AM), green manufacturing (GM), modern integrated manufacturing systems (CIMS), mass 
customization (MC), networked manufacturing (ASP), lean production (LP), cloud manufacturing (CMfg), 
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etc [2]. Among them, cloud manufacturing is a new networked manufacturing model that utilizes network and 
cloud manufacturing service platforms to organize manufacturing resources according to user needs and provide 
users with various on-demand manufacturing services. It can achieve the maximization of market and resource 
benefits. The manufacturing resource utilization rate under cloud manufacturing model is higher, the integration 
of manufacturing resources is better, and it better meets market demand. With the rapid development of cloud 
computing, the manufacturing model combined with cloud computing has become the mainstream manufacturing 
model. With the upgrading of mobile devices and the rapid development of the Internet of Things, geographically 
dispersed terminal devices have proposed low latency, high bandwidth, data privacy and other requirements to 
the computing platform. Therefore, edge computing based on cloud computing can improve the system integrity 
and scalability by pushing data to the edge of the Internet. Therefore, focusing on the coordination of resources 
between edge devices, how to improve the ability of manufacturing processes to process cloud upstream data or 
Internet of Things downstream data is the main direction of this paper [3].

In the current construction process of smart factories, cloud and edge resources complement each other to 
comprehensively perceive and connect industrial terminals. The manufacturing process of complex products 
relies on the multi-agent resource linkage control of cloud edge industrial terminals. The cloud can provide 
powerful computing power, as well as large-scale training tasks required for industrial related complex solving 
tasks and industrial intelligent algorithms; The edge end can alleviate the high communication and computing 
loads caused by large-scale industrial terminal access to the cloud, thereby supporting fast task requirements; 
The industrial terminal receives the user needs and tasks assigned by the industrial Internet platform, sends data 
to the cloud and edge, and forms real-time dynamic interaction with the cloud and edge computing resources [4]. 
Therefore, the introduction of cloud edge collaboration into industrial terminal collaborative manufacturing can 
provide faster computing services. However, the traditional scheduling model of the manufacturing workshop 
ignores the information interaction problem of manufacturing resources, which is not convenient for updating 
the production rules in the manufacturing system. When dynamic scheduling disturbance events occur, real-time 
data driven dynamic scheduling cannot be achieved. Therefore, the introduction of cloud edge end thinking in the 
intelligent manufacturing mode has created new challenges for resource allocation and scheduling optimization, 
as well as greater challenges for manufacturing task scheduling of industrial terminals, in view of the 
optimization requirements such as the heterogeneity of edge computing resources, the geographical dispersion of 
processors, and battery power consumption or carbon emissions [5].

By integrating manufacturing resources with deep reinforcement learning algorithms in smart factories, a 
real-time data-driven dynamic scheduling method has been developed in intelligent manufacturing mode. This 
method can combine real-time scheduling data with scheduling optimization, greatly improving the performance 
of real-time scheduling in dynamic environments. However, in a large-scale data-driven environment, the current 
scheduling methods used are relatively complex in the problem design process and the scheduling efficiency 
is not high enough. In the environment of resource disturbance, current dynamic scheduling algorithms are not 
combined with specific production modes and are not suitable for practical production scheduling problems, 
making it impossible to achieve real-time scheduling requirements without downtime [6].

Regarding the resource utilization and scheduling efficiency issues in personalized scheduling, the following 
challenges exist:

1) The rational allocation of computing resources requires improving optimization efficiency. The problem 
of limited computing power and storage capacity in large-scale data states has brought about a complex edge 
resource management environment, and without the integration of industrial terminals for resource collaboration, 
it is impossible to solve the problem of reasonable resource allocation. Therefore, a “cloud edge end” scheduling 
architecture and heterogeneous resource allocation algorithm that comprehensively considers the three end 
collaboration problems of cloud, edge, and industrial terminals are needed to achieve reasonable resource 
allocation;

2) The real-time interactivity of manufacturing resources is relatively inefficient. In smart factories, it is 
necessary to quickly perceive and collect manufacturing resource information in the production system to 
achieve interaction. Therefore, it is necessary to build a reasonable dynamic scheduling architecture that can 
make timely adjustments to the interaction information;

3) The decision-making ability for production task scheduling and allocation in dynamic environments needs 
to be improved. The scheduling and allocation algorithm not only needs to consider the overall processing 
process and achieve scheduling goals, such as minimizing the maximum completion time, but also needs 
to schedule dynamic changes in the environment and corresponding changes in scheduling tasks. Suitable 
scheduling schemes are needed to cope with dynamic processes and adapt to different sizes and types of data 
inputs. The production scheduling process not only needs to consider the matching of workpieces and machines, 
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but also the processing sequence of workpieces. Therefore, the accuracy and efficiency of scheduling models are 
currently facing challenges [7].

This article is based on the “cloud edge end” resource coordination intelligent manufacturing model in the 
context of cloud manufacturing. It effectively integrates resources, strengthens the connection between different 
manufacturing ends, and intends to study work such as the decomposition and processing of manufacturing tasks, 
optimization of computing resources, rational allocation of manufacturing resources, task collaboration and 
task division, in order to improve the resource utilization and scheduling efficiency in intelligent manufacturing 
systems. This is the key to realizing the application value of intelligent manufacturing in the current 
manufacturing industry.

2   Related Work

Yuefei Wang proposed a virtual reality interaction framework based on the end edge cloud architecture of 
intelligent manufacturing systems. He proposed a mapping method between intelligent manufacturing unit 
operations and digital twin tasks, and established a problem model for scheduling digital twin tasks of operations. 
At the same time, considering the fast responsiveness and deviation issues of virtual reality interaction in 
intelligent manufacturing systems, he proposed a hybrid rescheduling strategy for digital twin tasks based on 
end edge cloud collaboration. Finally, an Environmental Adaptive Multi factor Optimization Genetic Algorithm 
(EAMO-GA) was designed to optimize the scheduling of digital twin tasks of operations. After simulation 
experiments, the feasibility of the method was verified [8].

Hong Zhang, established a task model and a edge computing node model, and then constructed a task 
scheduling and resource allocation algorithm based on TOPSIS strategy. The algorithm aims to reduce the 
execution time of tasks, and make the cluster load more balanced distributed to edge nodes. Finally, the 
established node model and allocation algorithm were verified through simulation experiments [9].

Assam Hammi believes that scheduling is a key issue in manufacturing systems. In this article, we discuss 
how to deploy a deep learning framework in short-term manufacturing business. The goal of the framework is to 
design and implement an optimization model that supports short-term production scheduling, select a scheduling 
rule for DRL agents, and allocate it to manufacturing resources. Then, the model uses discrete event simulation 
(DES) model for training, testing and evaluation. Finally, in order to verify the optimization performance of 
scheduling rules, we use bicycle production cases as experimental objects. Finally, DRL agents can learn the best 
scheduling strategy, so as to develop a plan with the best production completion time [10].

Bin Hao, according to the operation characteristics of edge computing system in the context of intelligent 
Internet of Things, established the communication model and energy consumption model of edge computing 
system, and built a comprehensive model of edge computing system. At the same time, under the effect of deep 
reinforcement learning, he analyzed the communication state and energy consumption state of different edge 
nodes, set the state space and action space of edge nodes, and then set the reward function, calculate the reward 
value of different edge nodes, and determine the priority of edge nodes. Finally, under the effect of the action 
value function of edge nodes, he set the edge computing resource allocation function, and realized the edge 
computing resource allocation model, providing an idea for the establishment of efficient edge computing model 
[11].

Lixiang Zhang proposed a flexible job shop adaptive real-time scheduling method based on multi-agent 
deep reinforcement learning, and developed an adaptive real-time scheduling solver. Firstly, an adaptive real-
time scheduling framework based on multi-agent deep reinforcement learning is constructed, and an interaction 
mechanism between the simulation environment and scheduling agents is established. Secondly, an object-based 
scheduling simulation environment is constructed, and a scheduling agent that supports machine tool allocation 
and job sorting is designed. A deep reinforcement learning algorithm library based on value, strategy, and value 
strategy hybrid is developed to adapt to multiple types of scheduling scenarios and complex constraints; Finally, 
a solver supporting multi task and multi constraint flexible job shop scheduling was developed, and strategy 
training and problem solving modules were designed to achieve adaptive optimization solutions for different 
application scenarios. Numerical experimental results showed that the scheduling method exhibited excellent 
generalization and real-time response capabilities in both known and unknown scenarios, and could effectively 
cope with complex and changing scheduling problems [12].

After the above research, the paragraph structure of this paper is as follows: Chapter II mainly introduces the 
relevant research results, and obtains the research direction from the corresponding research results. Chapter III 
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is the construction of the edge computing model, which combines manufacturing resources and processing task 
information to jointly complete resource optimization and achieve a three-stage allocation architecture. Chapter 
IV is the simulation experiment part, which uses EdgeCloudSim to implement the simulation test platform. 
Chapter V is the conclusion part, which summarizes the research results of this paper, describes the shortcomings 
in the research, and prospects for further research directions.

3   Edge Computing Modeling

Job shop scheduling is a classic NP hard problem in the field of workshop scheduling [13]. For NP hard 
problems, it is impossible to calculate exact solutions in polynomial time. Therefore, mathematical methods, 
rule-based methods, metaheuristic methods such as genetic algorithm (GA) [14], particle swarm optimization 
(PSO) [15], and ant colony optimization (ACO) [16], as well as artificial intelligence based scaling algorithms, 
are used to generate sufficiently accurate solutions. The use of mathematical methods can calculate the global 
optimum, but in complex and dynamic scheduling environments, the computational complexity of mathematical 
methods is astonishing [17]; Rule based methods [18] are easy to implement, have fast solving speed, short 
response time, and have good generalization. However, rule generality is a process that needs to be explored, and 
reasonable scheduling rules depend on historical experience. The optimal solution cannot be guaranteed and is 
only suitable for small-scale problems with local optimal solutions; The method based on metaheuristic has high 
accuracy and good overall scheduling performance, but the process of rescheduling increases in computational 
complexity when the environment changes, which can easily lead to local optima. Therefore, it is not suitable 
for dynamic scheduling scenarios that require fast response [19]; The method based on artificial intelligence 
solves the problem of assigning workpieces and machines in the job shop through interactive learning between 
intelligent agents and the environment. It has strong generalization and is suitable for large-scale scheduling 
problems. However, the problem design process is relatively complex. Currently, many scholars are continuously 
researching dynamic workshop scheduling problems based on artificial intelligence methods to improve 
scheduling efficiency [20].

Smart factories use cloud edge platforms to gather computing resources and allocate them reasonably to 
ensure the normal processing of production tasks. However, during the processing, manufacturing tasks change 
frequently, there are various types of tasks, and different tasks on different process routes also need to run in 
the form of virtual computing resources. The processing process may face resource occupation and competition 
in the interaction between production tasks and resources. This chapter models cloud edge computing tasks, 
combining manufacturing resource and processing task information to jointly optimize resources. A three-
stage allocation architecture is proposed, and an improved heuristic algorithm combination of three-stage 
adaptive hybrid heterogeneous resource allocation algorithm is proposed to achieve resource allocation and task 
scheduling at the cloud edge layer. And the effectiveness of the proposed resource optimization method was 
verified through case analysis on a simulation testing platform using a public dataset.

3.1   Problem Description and Modeling

In order to facilitate the establishment of the model, the problem hypothesis is first made. Assuming that there 
are n cloud server servers in the cloud edge environment, the cloud server matrix is represented as:

,1 ,2 ,, , ,cloud cloud cloud cloud nS S S S   (1)

For the computing power of the server, if each cloud server Scloud,x has mScloud,x virtual machines, the capacity of 
the virtual machines is represented as cScloud,x. Assuming there are t edge ends, the edge end matrix is represented 
as follows:

,1 ,2 ,, , ,edge edge edge edge tE E E E   (2)

On edge end Eedge, k edge servers are deployed, and the matrix of deployed edge servers is represented as:
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,1 ,2 ,, , ,edge edge edge edge kS S S S   (3)

Each edge server has mSedge,x virtual machines, and the capacity of the virtual machines is represented as cSedge,x.
There are y devices deployed on the terminal, and the device matrix is represented as follows:

,1 ,2 ,, , ,terminal terminal terminal terminal yD D D D   (4)

Each terminal device Dterminal,j has mDterminal,j virtual machines, and the capacity of each virtual machine is 
represented as cDterminal,j. If h computing tasks Tcomputering are defined, the computing task matrix is represented as:

,1 ,2 ,, , ,computering computering computering computering hT T T T   (5)

When the task requirements of large-scale online industrial computing arise, there will be huge communication 
overhead and computing energy consumption between cloud, edge, and terminal devices. Traditional computing 
methods cannot meet the computing needs, so it is necessary to deploy the computing tasks of device terminals 
to cloud servers and edge servers. Through the apology of computing tasks, the overall task computing time and 
energy consumption can be minimized.

There are relevant constraints in the deployment process of computing tasks, and the constraint relationship is 
selected as follows: each task Tcomputering,x can be split, and the split tasks are allocated to the corresponding local 
terminal devices, or edge servers that communicate with the devices, as well as cloud servers, and processed 
and calculated in the above three ways. In terms of the execution priority of computing tasks, there is a time 
constraint ctime,i , which means that for each task Tcomputering,x , it must be completed within the deadline ctime,i . For 
each task Tcomputering,x , there are ldata sizes of data to be processed, with a processing length of lprocess . Assuming that 
the size and processing length of the data to be processed are independent of each task in any computing node. 
When computing tasks on terminal devices, decision variables are defined as follows:

,,
, , ,

1

0
terminal jcomputering x D

dec i j t

T m
V

other

→= 


(6)

In other cases, the result is 0 and the condition is met:

[ ] [ ]
,

1, , 1, , 1,
terminal jDt m i h i y ∀ ∈ ∀ ∈ ∀ ∈  (7)

When computing tasks are on edge servers:

, ,
, , , ,

1
0

computering x edge x
dec i k l t

T S
V

other
→

= 


(8)

In the equation, when in other cases, the result is 0 and satisfies the condition:

[ ] [ ] [ ]
,

1, , 1, , 1, , 1,
edge xSt m i h k e l k ∀ ∈ ∀ ∈ ∀ ∈ ∀ ∈  (9)

When computing tasks are on cloud servers:

, ,
, , ,

1
0

computering x cloud x
dec i r t

T S
V

other
→

= 


(10)

Among them, and also in other cases, the result is 0 and meets the condition:
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[ ] [ ]
,

1, , 1, , 1,
cloud xSt m i t r c ∀ ∈ ∀ ∈ ∀ ∈  (11)

When deploying computing, this article categorizes it into three types: deployment of independent tasks, 
deployment of resource constrained tasks, and deployment of tasks with priority constraints to constrain cloud 
edge task modeling.

1) Task constraint: Computing task Tcomputering,x can be divided into multiple subtasks, each of which can only be 
assigned to one computing virtual machine for computation. The task constraint is represented as follows:

, ,
, , , , , , , , , ,1 1 1 1 1 1

1D data S CSterminal j cloud x rn y m l m n c
dec i j t dec i k l t dec i r th j h k i h r

V V V
= = = = = =

+ + ≤∑ ∑ ∑ ∑ ∑ ∑ ∑ (12)

The total number of completed tasks can be calculated as follows:

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

D data S CSterminal j cloud x rh n y m l m n c
computering dec i j t dec i k l t dec i r ti h j h k i h r

T V V V
= = = = = = =

= + +∑ ∑ ∑ ∑ ∑ ∑ ∑ ∑ (13)

2) Time constraints. A constraint on the execution time and deadline of each task on different servers, using 
the earliest deadline priority EDF for task scheduling at each location, allocating computing cores to each task, 
and determining the order of task execution. When task Tcomputering,x is processed on the local terminal device, the 
execution time is calculated using the time formula:

[ ] [ ]
,

, , ,, 1, 1, , 1,
terminal j

process
time i i j h

D

l
c x i t j d

c
= ∀ = ∀ ∈ ∀ ∈ (14)

If the task is processed in the j-th virtual machine of local terminal device Dterminal,j, then the start time of task 
Tcomputering,x is the cumulative execution time of tasks processed in the same virtual machine with a deadline earlier 
than it, and the completion time of Tcomputering,x is shown in formula 15. When task Tcomputering,x is not processed in the 
mDterminal,j-th virtual machine of local terminal device Dterminal,j, there is a time constraint. For local terminal comput-
ing node Dterminal,j , the usage time tDterminal,j to complete the assigned task is the latest completion time of all tasks 
assigned to that node. The formula is expressed as follows:

( )
[ ],

, , , , , , , ,1

1, 1,
max max

terminal j j

j
complete dec i j t dec i j t complete i time ii

D completei t h n

t V V t c

t t
=

∈  ∈ 

 = ⋅ ⋅ ≤


=

∑
(15)

When a task is offloaded to an edge server or cloud server, the execution time includes both computation time 
and task transfer time. The computation task is only started when the data transfer is completed and the virtual 
machine completes all task assignments with the earliest deadline. The earliest data transfer completion time 
when uninstalling to the edge server is tedg,i,k,l,h . The earliest data transfer completion time when uninstalling to 
the cloud server is tcloud,i,r,h . For tasks that are computed for uninstallation on the edge server or cloud server, the 
calculation start time is approximately equal to the ready time and data transfer completion time. Task Tcomputering,x 
is assigned to the x-th virtual machine on the edge server and cloud server, respectively. For computing nodes 
Sedge,x on the edge server and computing nodes on the cloud server, the usage time to complete the tasks assigned 
to them is the latest completion time of all tasks assigned to both nodes. The readiness time of a virtual machine 
is the latest completion time of tasks that have been offloaded to the same virtual machine and have an earlier 
deadline.

, , , , , , , , , , , , , , , ,1

l data
edg i k l h dec i k l t dec i k l t dec i k l ti

l
t V V V

b=

 = ⋅ ⋅ 
 

∑ (16)

In the formula, b represents the transmission bandwidth from the terminal device to the edge server.
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, , , , , , , , ,1

i data
cloud i r h dec i r t dec i r ti

l
t V V

b=

 = ⋅ ⋅ 
 

∑ (17)

In the formula, tcloud,i,r,h represents the earliest data transfer completion time when uninstalling to the cloud 
server.

[ ] ( )'
, , , , , , , , , , , , . , , ,1, 1maxedge i k l h dec i k l t dec i k l t virtual i k l hi it V V t∈ −= ⋅ ⋅ (18)

[ ] ( )'
. , , , , , , , , . , ,1, 1maxcloud i r h dec i r t dec i r t virtual i r hi it V V t∈ −= ⋅ ⋅ (19)

( )'
. , , , , , , , , , , , , , , , ,max , data

virtual i k l h dec i k l t edg i k l h edge i k l h time i
l

t V t t c
b

 = ⋅ + ≤ 
 

(20)

. , , , ,virtual i k l h time it c≤ (21)

( )'
. , , , , , , , , . , , ,max , data

virtual i r h dec i r t cloud i r h cloud i r h time i
l

t V t t c
b

 = ⋅ + ≤ 
 

(22)

. , , ,virtual i r h time it c≤ (23)

3.2   Objective Function and Evaluation Method

In cloud edge scheduling, there may be changes in computing resources, including cloud, edge, and industrial 
terminal server failures or reduced server numbers, as well as the addition of new servers; There are still changes 
in the demand for computing tasks, including an increase in the types of computing tasks, the arrival of new 
computing tasks, and changes in the types of computing tasks. The above situation causes dynamic changes 
in the demand for cloud edge computing resources and network load, which may lead to network congestion, 
high latency, and high energy consumption. Therefore, in order to improve the performance and resource 
utilization of the network, it is necessary to adopt dynamic resource allocation and scheduling strategies [21]. 
When considering dynamic factors, there are the following allocation strategies: When adding a new server, the 
allocation method is:

1) Assign tasks that are currently being processed to the new server for processing;
2) Find non idle tasks that are not being executed on other servers and assign them to a new server for 

processing;
3) Reassign the remaining scheduled tasks to the new server for execution.
When the server fails or the number of servers decreases:
1) When there are no tasks to be processed on the faulty server, allocate the remaining pending tasks directly 

to servers with the same attributes for processing;
2) When some tasks being processed are not idle and partially executed by the faulty server, replace all non 

idle tasks executed by the faulty server with forced idle tasks, and allocate the remaining non idle tasks to other 
servers; 

3) When processing tasks, some non idle tasks will be executed by the faulty server. Tasks that cannot be 
assigned to existing servers with the same attributes will be discarded, and tasks that have already been assigned 
to other existing servers will be retained;

4) Find all non idle tasks that have not been processed by any server, assign non idle tasks from the faulty 
server to existing servers, discard tasks that cannot be assigned to existing servers, and keep other tasks assigned 
to existing servers.

When a new task arrives:
1) The new task directly replaces the forced idle task to process the task on the server;
2) Select the corresponding idle server to handle the task when it is not allowed to replace the existing task. 

Due to the utilization of dynamic resources and in order to achieve dynamic resource allocation and scheduling, 
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the task scheduling problem can be modeled as a joint dynamic optimization that considers the number of 
completed tasks, resource utilization, and energy consumption. The objective function is divided into two parts. 
The first is to optimize the maximum resource utilization rate and the maximum number of completed tasks (i.e. 
the minimum number of failed tasks on the simulation platform), in order to maximize the overall computing 
resource utilization rate and ensure that all server nodes process computing tasks as much as possible [22]. The 
second is to minimize the total energy consumption of all server nodes when processing computing tasks.

( ), . . .maxresource computering x rate edge rate cloud rate devicec T u u u= + + + (24)

In the formula, cresource represents the utilization constraints of each server, including the efficiency of the entire 
task computation Tcomputering,x, the efficiency of edge server computation urate.edge , the utilization efficiency of cloud 
servers urate.cloud , and the utilization rate of device side devices urate.device .

( )( )
.1

.1

min

min

m
energy total ii

m i i i i i i
edge cloud device local comput trans waiti

c E

e e e e e e

=

=

=

= + + + + +

∑
∑

(25)

The total energy consumption Etotal,i includes energy consumption of edge devices e i
edge , energy consumption 

of edge servers e i
cloud, energy consumption of cloud computing e i

device , energy consumption of data transmission 
between devices e i

trans , and energy consumption during device waiting, i.e. idle energy consumption e i
wait , and 

energy consumption e i
local.comput during the calculation process. cresource represents the highest resource utilization 

constraint, while cenergy represents the lowest energy consumption constraint.
In the process of resource scheduling, the dynamic nature of cloud edge scheduling can be described by real-

time monitoring of device working status and real-time analysis of device data to describe the current network 
load situation, that is, the dynamic nature of scheduling. When the overall network load is high, more computing 
resources need to be allocated to meet the computing needs in the current intelligent manufacturing process; 
When the network load is low, the allocation of computing resources can be appropriately reduced to save energy 
costs, while enabling devices to complete restarts for optimal performance and prepare for future peak periods. 
In order to achieve dynamic resource allocation and scheduling, it is necessary to use algorithms to automatically 
allocate computing resources and load balance. For cloud edge collaborative computing task scheduling, there 
are challenges such as low device utilization, low satisfaction with service level agreements, and unreasonable 
utilization of cloud resources. Therefore, research on task scheduling problems is needed to improve service 
levels and maximize resource utilization. Quantitative indicators are divided into resource utilization rate, task 
completion time, and service level agreement satisfaction, described as follows:

.1
.

.1

t
cloud xx

resource total t
cloud xx

cS
u

rS
=

=

= ∑
∑

(26)

The resource collaborative allocation is achieved through cloud based collaboration. In the cloud, the task 
allocation strategy uses an improved three-stage heuristic allocation algorithm to generate specific scheduling 
mechanisms, which are delivered to the servers of edge nodes and terminal nodes for computation. The edge 
and industrial terminals regularly feedback the resource usage of the nodes, iterate continuously, and achieve the 
resource coordination process at the cloud edge.

It is mainly divided into three stages:
1) Cloud edge task pre sorting: pre group initial tasks and dynamic tasks to form multiple sub task sequences;
2) Pre allocation of cloud edge resources: Based on task and server overhead as well as latency requirements, 

they are divided into cloud servers or edge servers, and whether they are added to the task cache area;
3) Cloud edge task scheduling: dynamically adjust task scheduling based on scheduling and rescheduling 

strategies, and determine which server’s core to allocate the final task to for processing. This article considers 
the situation of dynamic emergency tasks, so the process of task pre sorting is introduced to prioritize the 
requirements of tasks with tight deadlines, generate an initial task scheduling group, and adjust the task execution 
order through resource allocation scheduling. The scheduling scheme is adjusted according to constraints, 
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goals, resources, and system environment. Compared with other methods, it can complete more tasks with tight 
deadlines. Overall framework structure for collaborative resource allocation and scheduling is shown in Fig. 1.

Fig. 1. Schematic diagram

Implement dynamic task scheduling adjustment strategies and use improved heuristic task scheduling 
algorithms to allocate all tasks in the second stage on each device, edge, and cloud. These task assignments 
determine which core processes the tasks. Check each task assigned to the cloud. If the task can be completed by 
the corresponding device, reassign the task to the device. Otherwise, check if the requirements of the task can be 
met by the edge server. If so, reassign the task to the edge server. After these reassignments, tasks assigned to the 
next computing virtual machine are reassigned to the previous computing virtual machine using task scheduling 
algorithms, and idle virtual machines are re leased. Reduced the idle time of virtual machines and improved cost 
efficiency. By using task scheduling algorithms to allocate all the aforementioned tasks on each device, edge, 
and cloud, these task assignments determine which core is responsible for processing the tasks. When designing 
an algorithm, the first step is to select an available computing virtual machine for a task, traverse each available 
kernel, and assume that the task is assigned to that kernel. All tasks are executed in ascending order of deadline, 
and the cumulative idle time is calculated. Secondly, for each available core, if the task allocation results in 
at least one deadline conflict, return false, and the requirements of the task cannot be met by these available 
computing cores. Pseudo code for task scheduling algorithm:

Cloud virtual machine compaction
    // We have a list of cloud VMs. We try to move tasks from later VMs to earlier 

VMs
    // to free idle VMs.
    // We sort cloud VMs by some index (e.g., order of creation). We iterate from 

second VM onward.
    for i = 1 to len(cloudVMs)-1:   // 0-indexed, i is the VM to compact into pre-

vious ones
        currentVM = cloudVMs[i]
        // Get tasks assigned to currentVM
        tasksOnVM = assignments[currentVM]
        // Try to reassign each task in this VM to any earlier VM (0..i-1) if fea-

sible
        for each task in tasksOnVM (sorted by deadline):
            // Temporarily remove task from currentVM
            remove task from assignments[currentVM]
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            // Try to place into any earlier VM
            earlierCores = cloudVMs[0..i-1]
            targetCore = FindFeasibleCore(task, earlierCores, assignments)
            if targetCore != -1 then
                assignments[targetCore].add(task)   // successfully moved
            else
                // Cannot move to earlier VMs – put it back to currentVM
                assignments[currentVM].add(task)
                // Since this task cannot be moved, any later tasks in this VM 

also likely cannot be moved
                // but we continue with other tasks (maybe some can)
            end if
        end for
        // After trying all tasks on currentVM, check if this VM is now empty
        if assignments[currentVM] is empty then
            // Release this VM (mark as idle and do not rent)
            // In implementation, we can mark it as free
            markVMIdle(currentVM)
        end if
    end for
   Final validation – ensure all assignments are feasible on each core
    for each core in allCores:
        if not CheckCoreFeasibility(assignments[core]) then
            // Should not happen if our algorithms are correct, but return failure
            return FAILURE
        end if
    end for
    return SUCCESS, assignments
end function
// Helper function to mark a virtual machine as idle (not rented)
function markVMIdle(vm)
    // In practice, this would release cloud resources and stop billing.
    // For pseudo-code, we just record that it is free.
    vm.isIdle = true
end function

Different tasks have different optimization objectives, and when allocating computing tasks to cloud or edge 
servers, current effective algorithms struggle to balance computational and communication costs. Therefore, 
this chapter faces the problem of resource allocation with the addition of dynamic tasks. Due to the complexity 
of dynamic manufacturing environments and the need to balance different optimization objectives, appropriate 
resource allocation and task scheduling strategies are more necessary. This article proposes a resource scheduling 
and allocation algorithm based on the dual challenges of dynamic resource allocation and task scheduling. In 
response to the dynamic risks in the cloud edge intelligent manufacturing environment mentioned earlier, it is 
necessary to pursue a timely mode of handling and responding to new risks, and clarify the allocation mode 
of each task in the dynamic environment. Therefore, it is also necessary to study how to obtain and update 
the optimization sequence of numerous dynamic scheduling tasks. A large number of computing tasks will be 
allocated to cloud servers or edge servers. As the number of computing tasks increases, they also need to be 
scheduled within the target resource platform interval. Resource allocation determines which tasks are allocated 
to cloud and edge servers, while task scheduling maps a set of resources to specific computing tasks. Appropriate 
allocation and scheduling schemes can synergistically reduce delays and costs, optimize resource utilization, and 
facilitate response to emergency situations. For cloud computing, this article considers resource allocation and 
task scheduling in dynamic cloud edge environments. In the case of dynamic tasks, both resource constraints 
and time constraints are considered to propose a solution that balances resource allocation and task scheduling. 
Transform the problem into an efficient dynamic multi resource allocation and multi task scheduling optimization 
problem that considers resource time constraints. Modeling as a heterogeneous cloud edge environment problem, 
the final production scheduling scheme is adjusted based on constraints, objectives, resources, and system 
environment. Due to the correlation and contradiction between optimization objectives, different strategies are 
adopted for solving and screening tasks in different states. Therefore, a dynamic adaptive resource allocation 
and task scheduling method is proposed to coordinate the richness of cloud computing resources and the low 



339

Journal of Computers Vol. 37 No. 4, August 2026

transmission delay of local and edge resources, optimize the scheduling results, and the pseudocode of the 
algorithm is represented as:

Joint Resource Allocation and Task Scheduling
// This is the main entry point for the dynamic adaptive algorithm
function DynamicAdaptiveScheduling(allTasks, deviceCores, edgeCores, cloudVMs, 

systemState):
    // systemState includes: current load, network bandwidth, cost rates, risk 

events
    
    // 3.1 Update priorities based on dynamic environment
    prioritizedTasks = UpdateTaskPriorities(allTasks, systemState.load, system-

State.riskEvents)
    
    // Initialize assignment map: core -> list of tasks
    assignments = empty map
    allCores = deviceCores + edgeCores + cloudVMs
        // 3.2 Iterate through tasks in dynamic priority order
    for each task in prioritizedTasks:
        // 3.2.1 Select optimization strategy for this task
        strategy = SelectOptimalStrategy(task, systemState.networkStatus, system-

State.costRate)
        
        // 3.2.2 Determine candidate core pools based on strategy
        candidatePools = []
        if strategy == “LATENCY_OPTIMIZED”:
            // Prefer device first, then edge, then cloud (lowest latency)
            candidatePools = [deviceCores, edgeCores, cloudVMs]
        else if strategy == “COST_OPTIMIZED”:
            // Prefer cloud first (lowest cost), then edge, then device
            candidatePools = [cloudVMs, edgeCores, deviceCores]
        else: // BALANCED
            // Evaluate all pools together with a combined metric
            candidatePools = [deviceCores, edgeCores, cloudVMs] // will be evalu-

ated globally
            // 3.2.3 Attempt assignment to a feasible core from the candidate 

pools
        assigned = false
        for each pool in candidatePools:
            // Only consider cores in this pool that are not overloaded
            availableCores = filter pool where core.load < core.capacity
            coreIdx = FindFeasibleCoreInLayer(task, availableCores, assignments)
            if coreIdx != -1 then
                assignments[coreIdx].add(task)
                task.assignedLayer = getLayerName(pool)
                assigned = true
                break
            end if
        end for
         // 3.2.4 If no single core can meet the deadline, use multi-core paral-

lelization
        if not assigned then
            // Split task into sub-tasks (if divisible) and assign to 

multiple cores
            // For simplicity, we delegate to a fallback cloud VM with 

over-provisioning
            fallbackCore = selectLeastLoadedCore(cloudVMs)
            if fallbackCore != -1 then
                assignments[fallbackCore].add(task)
                task.assignedLayer = “cloud”
                // Note: this may cause deadline miss, but we log a warning
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                Log(“Warning: Task “ + task.id + “ assigned to fallback cloud 
core.”)

            else
                return FAILURE   // system cannot accommodate this task
            end if
        end if
    end for
    // 3.3 Post-allocation adjustment: re-evaluate feasibility on each core
    // If a core is overloaded, we try to migrate some tasks to other cores
    for each core in allCores:
        if not CheckCoreFeasibility(assignments[core]) then
            // Try to offload some non-urgent tasks from this core to others
            tasksOnCore = assignments[core]
            for each task in tasksOnCore (sorted by priority ascending):
                // Try to move this task to another core in the same or lower lay-

er
                moved = false
                for each otherCore in allCores where otherCore != core:
                    tempList = assignments[otherCore] + [task]
                    if CheckCoreFeasibility(tempList) then
                        remove task from assignments[core]
                        assignments[otherCore].add(task)
                        moved = true
                        break
                    end if
                end for
                if moved then
                    continue   // continue offloading until core is feasible
                end if
            end for
            // If still infeasible, return failure
            if not CheckCoreFeasibility(assignments[core]) then
                return FAILURE
            end if
        end if
    end for
    // 3.4 Dynamic adaptation: monitor and adjust periodically (triggered by sys-

tem timer)
    // This is called in the main loop, but we include it here as a logical step
    // It records the current assignment for future re-optimization
    systemState.lastSchedule = assignments
    systemState.lastUpdateTime = currentTime
    return SUCCESS, assignments
//Periodic re-optimization trigger (called when environment changes)
function DynamicAdaptationLoop(systemState, allTasks, deviceCores, edgeCores, 

cloudVMs):
    while systemState.isRunning:
        // Wait for a change event (new task arrival, risk alert, load spike)
        event = WaitForSystemEvent()
             if event.type == “NEW_TASK_ARRIVAL” or event.type == “RISK_DETECTED” 

or event.type == “LOAD_CHANGE”:
            // Re-run the scheduling algorithm with updated system state
            newSystemState = UpdateSystemState(systemState, event)
            
            // We only re-schedule the affected tasks to avoid global thrashing
            // But for completeness, we call the full scheduler (or incremental 

version)
            result, newAssignments = DynamicAdaptiveScheduling(
                allTasks, deviceCores, edgeCores, cloudVMs, newSystemState
            )
                        if result == SUCCESS:
                ApplyNewAssignments(newAssignments)
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                // Release idle cloud VMs to save cost (similar to previous com-
paction)

                ReleaseIdleCloudVMs(cloudVMs, newAssignments)
            end if
                        // Update system state for next iteration
            systemState = newSystemState
        end if
    end while
// Helper: Release idle cloud VMs after re-scheduling to reduce cost
function ReleaseIdleCloudVMs(cloudVMs, assignments):
    for each vm in cloudVMs:
        if assignments[vm] is empty then
            vm.isActive = false
            // Decrease renting count, save cost
        end if
    end for

This section mainly completes the establishment of the edge computing scheduling model, and describes the 
entire dynamic scheduling strategy. The establishment of the model lays the corresponding foundation for further 
simulation experiments.

4   Simulation Experiment

In this section, EdgeCloudSim [23] is used as the simulation verification platform. This is a simulation test plat-
form applied to computing and network in edge computing, which is used for task migration between Edge or 
Cloud VMs, energy consumption models of mobile and edge devices and cloud data centers, adding probabilistic 
network failure models by considering congestion or other parameters (such as the distance between mobile de-
vices and WiFi access points), or a visual tool used to display network topology. The platform module is shown 
in Fig. 2:

Fig. 2. Schematic diagram of platform module structure

Fig. 3 depicts the evaluation of three scheduling strategies considering the task arrival rate increment ranging 
from 100 to 1,000 tasks per minute. As can be inferred from the left panel, the average processing latencies 
increase with the rise of this workload. However, the increase rates among the three methods differ considerably. 
Cloud-based scheduling shows the most drastic increase obtaining the value approaching 5.9 seconds at the 
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maximum load. Two-stage scheduling performs better but still close to 4.0 seconds. Employing the three-stage 
approach, it is possible to maintain the lowest latency throughout the experiment obtaining the value lower than 
2.7 seconds at the highest task arrival rate. The right panel provides a similar pattern for the success rate. Cloud 
scheduled tasks go down from around 97% to 77% while two-stage approach performs a little bit better getting to 
87%. In contrast, the suggested approach maintains its success rate above 93% even under the biggest load. This 
indicates that employing task presorting, resource preallocation, and rescheduling helps postpone the appearance 
of system saturation. The method presented in this study allocates workloads among terminal, edge, and cloud 
resources better than others and enables a reduction of congestion at several points of the system.

Fig. 4 focuses on assessing the relationship between different edge offloading ratios. It has been ensured that 
the following aspects have been recorded – latency, energy consumption, task failure risk, and objective function 
value. The graph shows that with increase in edge offloading ratio, latency goes down because more tasks take 
place at the location of manufacturing instruments, which decreases the distance that should be covered by the 
information during its transfer and waiting at the cloud. The consumption of energy reveals U-shaped pattern 
– initially, it decreases due to reduction in cloud communications that can be observed at 0.58 offloading ratio 
but later demonstrates a growing tendency as heavily loaded edge elements need much computing power for the 
processing of work. While the danger of failure drops significantly at low and medium levels of offloading ratio, 
it starts rising after exceeding the value of 0.75 due to the fact that the concentration of tasks leads to overload 
of edge nodes and trouble with meeting deadlines. The weighted function value contains information about the 
above-mentioned three criteria, defining an optimal offloading ratio value equal to 0.74. 

In this case, Fig. 5 gives a comparison of the dynamic resiliency of three types of scheduling namely: Cloud-
based scheduling (CNHS), static heuristics scheduling, and the adaptive three-stage scheduling under edge node 
failure and resource recovery. The first observation is prior to the failure at simulation time of 40, the proposed 
technique is the one which provides the highest SLA satisfaction rate of around 96% followed by the static 
heuristic method having around 93% and cloud-based scheduling technique which has the SLA satisfaction rate 
of around 89%. The second observation is that the edge node failure has an immediate effect causing a decline on 
the performance of all the scheduling methods. Static heuristics scheduling incurs the highest decline by going 
down to around 55% as this method makes the usage of fixed task assignments that fail to respond to unexpected 
shortage in computing capabilities rapidly. The final observation is that despite the proposed scheduling method 
having a decline as well, its rate goes down only to around 72%.

Fig. 3. Scalability analysis under high-concurrency manufacturing workloads
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Fig. 4. Multi-objective trade-off under different edge offloading ratios

Fig. 5. Dynamic scheduling performance under edge-node failure and recovery

5   Conclusion

This article aims to address the problem of resource occupation and contention in the production tasks and 
resource interaction process in smart factories, in order to plan the rational allocation of computing resources. 
The cloud edge computing tasks are modeled, and manufacturing and processing task information are combined 
to jointly optimize resources. A three-stage allocation architecture is proposed, and an improved heuristic 
algorithm combination of three-stage adaptive hybrid heterogeneous resource allocation algorithm is proposed to 
achieve the allocation of cloud edge layer resources and task scheduling. And using public datasets for instance 
analysis on a simulation testing platform, the effectiveness of the proposed resource optimization method was 
verified, providing a reference for resource allocation.
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1) The framework model of production dynamic scheduling system based on edge computing environment is 
constructed, the task classification and deployment in intelligent manufacturing factory are described concretely, 
the related computing tasks are formally described, and the overall production scheduling model is analyzed and 
designed. The problems of cloud edge computing resource scheduling and workshop level production scheduling 
are studied respectively.

2) In the research on cloud edge layer resource allocation and scheduling optimization, a cloud edge 
computing task model was established, which combines manufacturing resource and processing task information 
to jointly complete resource optimization. A three-stage allocation architecture was proposed, and an improved 
heuristic algorithm combination of three-stage adaptive hybrid heterogeneous resource allocation algorithm was 
proposed to achieve cloud edge layer resource allocation and task scheduling. At the same time, the problem of 
task decomposition and task matching being disconnected in actual production was solved, and the effectiveness 
of the algorithm was verified through examples.

3) In the study of workshop level scheduling problems, complex constraints between processing tasks are 
considered, and completion time optimization is also taken into account. A production scheduling optimization 
model is established to address the problems of various scheduling algorithms and architectures. A multi-agent 
system architecture is proposed to transfer the complexity of action space, strengthen cooperation between agents 
to solve the problem, and then an improved directed acyclic graph is used to represent state features. Under the 
multi-agent scheduling architecture, action space and reward function are independently designed, and a new 
heterogeneous graph neural network model is proposed.

Based on relevant research results at home and abroad, this article explores the hierarchical production 
scheduling problem under the “cloud edge end” architecture, combined with production processes. Through 
research on key technical issues such as cloud edge layer computing tasks and resource scheduling, workshop 
level task scheduling, a scheduling optimization framework has been established, and scheduling algorithms 
have been improved to meet the scheduling requirements of the entire production process under the “cloud edge 
end”. However, due to limitations in relevant research conditions, there are still some shortcomings in this study 
that need to be further deepened and improved in future research, including:

(1) When studying the shop floor production scheduling problem, only the continuous production process 
is considered, but in the actual production process, there will be a variety of sudden situations that lead to 
production interruption. Therefore, in the future research of scheduling problem, we should reduce ideal 
assumptions as much as possible and consider more uncertain factors.   

(2) This article only studied the workshop scheduling problem under mixed production tasks, but there 
are multiple production modes on the actual production line, such as workshop scheduling under cloud 
manufacturing tasks. Therefore, the next step is to explore more production scheduling problems under different 
production modes.

(3) The next step is to apply the decision system developed in this article to more product manufacturing, 
identify and solve problems during use, in order to promote the improvement of the system during use and create 
greater application value.
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