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Abstract
There is no denying smart manufacturing is a critical step in responding to a new round of energy crises and promoting the 
high-quality development of the manufacturing industry, among which, the construction of intelligent production lines is 
the key link. In the practical production of complex aerospace components, production scheduling optimization plays an 
important role in achieving cost savings and energy reduction for a range of existing problems, such as cumbersome process 
design, difficult real-time scheduling adjustment, inefficient quality data testing, and complex interrelationships of state-type 
data. In this work, the optimization of scheduling objective, the selection of scheduling method, and the construction of 
scheduling management control system are the pointcuts to review the recent development of production scheduling optimiza-
tion, systematically. The research on the more practical implications of multi-objective production scheduling optimization 
has shown that efficiency and energy consumption are the primary priorities of scheduling objectives. Scheduling rules and 
heuristic algorithms are the crucial research methods. Intelligent information technologies are an effective means to decrease 
the complexity of scheduling. Meanwhile, building intelligent management control systems for production scheduling is of 
great significance for the transformation and upgrading of production from digitalization to intelligence.
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1  Introduction

The manufacturing industry occupies an essential position 
in the modern industry because products for society can 
be provided and material needs of the people can be met 
through it. However, with the continuous effect of the new 

crown pneumonia epidemic and the huge impact of a new 
round of energy crisis, manufacturing industry is confronted 
with great economic pressure and unprecedented environ-
mental challenges [1]. Under such a background, China, 
the USA and Japan have put forward the concept of green 
manufacturing in industry [2–5], and the problem of energy 
consumption has become a non-negligible part (see Fig. 1). 
With the gradual implementation of green manufacturing, 
it shows that the construction of low energy consumption 
and sustainable development of manufacturing industry is 
one of the main points. On the other hand, the smart manu-
facturing technology formed by the deep integration of the 
new generation of information technology and advanced 
manufacturing technology, has become the core and impe-
tus of the manufacturing field [6]. From the perspective of 
manufacturing enterprises, smart manufacturing is expected 
to optimize the traditional production mode and manufac-
turing technology so as to achieve production cost reduc-
tion and efficiency improvement. However, whether it is 
green manufacturing or smart manufacturing, scheduling 
optimization is the most direct way to further realize cost 
saving and energy consumption reduction while improving 
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production efficiency, so it has become one of the most con-
cerned research focus of researchers in recent decades [7, 8]. 
At the level of system integration, scheduling optimization 
focuses on the construction of a feedback closed-loop cover-
ing all levels of systems to avoid major emergencies such as 
processing conflicts and production suspension due to sys-
tem failures through information interaction. At the produc-
tion level, advanced scheduling methods can fully coordinate 
internal production levels and external production orders to 
achieve optimal production decisions. Therefore, under the 
condition that there is little difference between the produc-
tion capacity and the material level of the manufacturing 
enterprise, the advanced production scheduling method can 
bring significant economic and social benefits when meet-
ing the sustainable development. Exploration of production 
scheduling optimization methods is of great significance for 
saving energy cost and supporting environmentally friendly 
manufacturing activities.

Since the production scheduling problem was proposed 
by Johnson et al. [10] in the 1950s, it has received extensive 
attention due to its solid theoretical foundation and impor-
tant practical value formed during its development. From 
the current view, the research on the production scheduling 
problem can be broadly divided into the theoretical level and 
the application level [11], seeking the optimal or near-opti-
mal scheduling scheme and the stable method to ensure the 
operation of the workshop respectively. From the perspective 
of the complexity of the manufacturing system, production 
scheduling problems can be divided into flexible job prob-
lem (FJP), job shop problem (JSP), flexible job-shop sched-
uling problem (FJSP), and open-shop scheduling problem 
(OSP) [12]. Among them, FJSP is the most common and 
difficult problem in production scheduling research. How-
ever, under the diversification and large-scale development 

mode of production scheduling problems, more production 
objectives need to be considered concurrently during the 
actual production process. Therefore, multi-objective flex-
ible job-shop scheduling problems (MOFJSP) have become 
the frontiers of production scheduling research at this stage. 
In the current aerospace industry, the development of Indus-
try 5.0 promotes the personalized production of complex 
aerospace components. Therefore, the traditional shop floor 
scheduling mode has been unable to adapt to the new pro-
duction mode, which is caused by the complex production 
process of aerospace parts under the coupling of materi-
als, dimensions, geometric shapes, and other aspects [13]. 
This complexity can be distinctly reflected in the intelligent 
production line integrating “process design—process detec-
tion—quality testing,” namely:

•	 The diversity of products in material, dimensions, geom-
etry, and other aspects makes the process cumbersome 
and complex.

•	 The real-time adjustment of information such as prod-
uct order, raw material inventory, equipment operation 
status, and processing makes the production process dif-
ficult to control.

•	 The large number of product quality testing data point 
cloud makes the parsing efficiency lacking.

•	 Especially, the complex data association in the intelli-
gent production line makes it difficult for all links to be 
interconnected. That is to say, when the production is 
impacted by abnormal conditions, it is arduous for the 
scheduling center to integrate and update the changed 
information and feed it back to each stage of product pro-
duction in real time to dynamically adjust the scheduling 
scheme.

Hence, the scheduling scheme in the actual manufactur-
ing process often deviates randomly and responses linger-
ingly, which not only leads to serious waste of production 
resources and low production efficiency, but also keeps 
energy consumption and cost at an upper position.

For the above existing problems, many scholars have put 
forward optimization or solutions aimed at the limitations 
of the current multi-type production scheduling objectives, 
multi-objective production scheduling optimization method-
ologies, and intelligent management control systems for pro-
duction scheduling, respectively [14–16]. At the same time, 
some typical optimization research is summarized in the 
review articles [17, 18]. However, there is little research that 
takes scheduling objectives, scheduling methodologies, and 
scheduling management control systems as the pointcut to 
comprehensively consider. Therefore, research on the above 
three aspects is systematically reviewed in this work, which 
shows the manufacturing enterprises of complex aerospace 
components at current technical level, provides guidance for 

Fig. 1   Tools and strategies of green manufacturing [9]
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researchers in the field of aerospace flight vehicles to con-
duct in-depth research, and accumulates research experience 
for manufacturing enterprises to realize the transformation 
and upgrading of digital to intelligent.

2 � Objectives of multi‑type production 
scheduling

The scheduling objective is the first object to be defined in 
the process of production scheduling. At present, several 
scheduling objectives have been proposed, such as minimum 
total delay, minimum energy consumption, and minimum 
total cost. However, in most cases, the personalized produc-
tion of complex aerospace components leads to significant 
demand differences from different orders, frequent machine 
adjustments, and large product variability. Considering all 
kinds of emergency situations such as machine failure, date 
change, and new workpiece arrival, it is inadequate for the 
production scheduling method based on a single scheduling 
objective to overcome many distractions to find the optimal 
or near-optimal solution. Therefore, a production schedul-
ing strategy based on multiple scheduling objectives is pro-
posed, and part of its research content is shown in Table 1. In 
this section, the published literature on production schedul-
ing between 2015 and July 2022 was searched in order to 
sort out the latest research results as much as possible. The 
search was based on a query comprising an extensive list 
of search terms related to production scheduling and mul-
tiple objectives. The search process was conducted in four 
databases: Web of Science (WoS), EBSCO, China National 
Knowledge Infrastructure (CNKI), and ScienceDirect. The 
types of literature retrieved were mainly research articles and 
review articles and also included papers published in peer-
reviewed conference proceedings, enabling a comprehen-
sive evaluation of the extant literature. Besides, only articles 
written entirely in English were included.

According to the 45 research articles related to production 
scheduling objectives (see Fig. 2), among the various sched-
uling objectives, the minimum energy consumption, mini-
mum total delay, and maximum completion time have been 
paid more attention. Yuan et al. [23] established an evalu-
ation function based on sorting level through the improved 
NSGA-II algorithm, which shortened the maximum com-
pletion time of the workpiece from 90 to 70 min on aver-
age, the total delay was 0 min, the total equipment load was 
416 min, and the energy consumption was 135.67 kW·h. Dai 
et al. [26] solved the conflict between the two scheduling 
objective functions of maximum completion time and mini-
mum energy consumption in enhanced genetic algorithm 
(EGA) by setting the weight factor based on the preference 
of the decision-maker and finally obtained the optimization 
result with the maximum completion time of 125.5 min and 

the minimum energy consumption of 97.03 kW·h. Moreo-
ver, compared with the multi-objective genetic algorithm 
(MOGA) proposed by May et al. [41], EGA can generate 
more Pareto solutions for choosing, which means that the 
comprehensive solution ability is better. Liu et  al. [40] 
focused on the optimization of time consumption other than 
processing time, such as transportation, loading, and wait-
ing for processing. The proposed processing supernetwork 
(see Fig. 3) model based on digital twins is found to reduce 
the maximum completion time from 112 h (by conventional 
genetic algorithm) to 102 h in real cases.

Compared with single-objective scheduling, there are 
often problems such as mutual contradictions, mutual con-
straints, and different orders of magnitude among multi-
objective scheduling, which makes the optimization process 
complicated to a certain extent. In the actual production of 
complex aerospace components, energy saving and optimal 
scheduling are the key scheduling objectives. To achieve 
energy saving, the product heating process needs to be 
regulated, such as the order of billet discharge into the fur-
nace and the heating temperature of adjacent products. To 
achieve optimal production scheduling, multiple factors 
such as order delivery time, order process, product quality 
requirements, equipment adjustment time, and penalty value 
of delivery time should be taken into account. However, for 
the impact of a variety of unexpected conditions on produc-
tion, multi-objective production scheduling has more prac-
tical significance. Therefore, more and more optimization 
methodologies that can effectively improve the optimization 
level have been proposed.

3 � Methodology of multi‑objective 
production scheduling optimization

The main traditional multi-objective scheduling optimiza-
tion methods are the weighted sum method [42], the con-
straint method [43], the goal programming method [44], 
the distance function method [45], and the minimax method 
[46]. Most of the above optimization methods adopt different 
strategies to decompose the multi-objective problem into 
a single objective and then use the single objective algo-
rithm to complete the optimization, which depends on prior 
knowledge and is limited by the shape of the Pareto front. 
Especially when the multi-objective problem presents non-
linear, high-dimensional, and other complex characteristics, 
traditional methods are difficult to ensure a good optimiza-
tion effect and are even not feasible. In recent years, the 
development and integration of artificial intelligence (AI) 
and computer science and technology have provided three 
major optimization techniques for multi-objective produc-
tion scheduling problems, namely scheduling rules, heuristic 
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Table 1.   Main scheduling 
objectives in production 
scheduling research [19–40] Reference

Minimum 

total 

delay

Minimum 

energy 

consumption

Minimum 

total 

cost

Maximum 

completion 

time

Maximum 

machine 

load

Earliest 

delivery 

date

Optimal 

part 

ordering

Yin et al., 

2022 [19]

Xu et al., 

2021[20]

Musiał et al., 

2018 [21]

Yang et al., 

2021 [22]

Yuan et al., 

2021 [23]

Leyva et al., 

2019 [24]

Zhong et al., 

2019 [25]

Dai et al., 

2019 [26]

Basiri et al., 

2020 [27]

Gong et al., 

2020 [28]

Zhu et al., 

2019 [29]

Wang et al., 

2019 [30]

Ivanov et al., 

2017 [31]

Lin et al., 

2019 [32]

Kurdi et al., 

2019 [33]

Yavari et al., 

2018 [34]

Engin et al., 

2018 [35]

Liu et al., 

2020 [36]

Zhang et al., 

2016 [37]

Che et al., 

2017 [38]

Gencosman et 

al., 2016 [39]

Liu et al., 

2021 [40]
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algorithms, and intelligent information technology, which 
are also the frontier directions of research in this field.

In the process of sorting out the scheduling methodology, 
the literature search process similarly followed the method-
ology described in Sect. 2. The only difference is to change 
the search terms to multi-objective, production scheduling, 
scheduling rules, heuristics, and intelligent information 
technology.

3.1 � Scheduling rule

Scheduling rule refers to the combination of one or more pri-
ority rules and also refers to the combination of one or more 
heuristic rules. Generally, scheduling rules are used to man-
age the local and overall processing allocation of workpieces 
in the process of “process design—process detection—qual-
ity testing” of the intelligent production line [47]. Moreover, 
scheduling rules assign priority values based on workpiece, 
machine, or shop characteristics to machines in idle state, 
so that workpiece with the highest priority value is selected 
for processing. In a general way, the optimization problem 

of production scheduling usually considers the exact algo-
rithm and approximation algorithm. Although the former 
can effectively obtain the global optimal solution, it is only 
suitable for small-scale and simple environmental problems. 
However, faced with the production scheduling of complex 
aerospace components with a large amount of data and many 
types, the approximation algorithm is more suitable, and the 
scheduling rule is one of them. The typical basic schedul-
ing rules and their priorities in the study are summarized 
in Table 2.

With the continuous deepening of research on multi-
objective production scheduling, scholars combine or 
truncate to form new rules on the one hand [50, 51] and 
propose new rules for a certain performance index or a 
specific scheduling environment [52]. It can be seen from 
much research that new scheduling rules can show better 
performance. Azadeh et al. [53] used part of the schedul-
ing sample data set (the combination of scheduling rule set 
and completion time set) obtained from job-shop schedul-
ing simulation to train the artificial neural network (ANN) 
model and then made use of the trained model to search 

Fig. 2   The proportion of each 
scheduling target from the 
literature

Fig. 3   Processing supernetwork 
model [40]
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for the complete candidate scheduling rule set. Success-
fully obtain a combination of scheduling rules for a job 
machine that minimizes the completion time of the cur-
rent production task. Based on ontology-based scheduling 
knowledge relation model, Wang et al. [54] applied the 
combination of scheduling knowledge and artificial fish 
swarm algorithm (AFSA) to the optimization technology 
of production scheduling. At the same time, support vec-
tor machine (SVM) and classification and regression tree 
(CART) algorithms were used to obtain data-driven sched-
uling rules to provide guidance for the strategy selection 
and optimization solution of production scheduling. From 
the perspective of system optimization, Zhuang et al. [55] 
developed a network-based dynamic scheduling rule gen-
eration mechanism based on complex network theory and 
multi-attribute decision-making method, as shown in Fig. 4. 
The mechanism can effectively collect the information of 
each scheduling rule and obtain an approximate solution 
better than any single scheduling rule with a small increase 
in computation time, which is significantly optimized for 
real-time scheduling problems with dynamic order arrivals.

However, the quality of solutions cannot be quantitatively 
evaluated by scheduling rules, and the optimality and fea-
sibility are also difficult to be guaranteed. On the contrary, 
because of low dependence on the problem and high effi-
ciency of solving, the heuristic algorithm has become an effi-
cient method to optimize the production scheduling problem 
in addition to scheduling rules [56, 57].

3.2 � Heuristic algorithm

Exact algorithms such as branch and bound method [58, 59] 
and mixed integer programming method [60, 61] are the 
main methods used to solve flexible production scheduling 
problems in the early stage. It is worth noting that in the face 
of widespread large-scale scheduling problems, the cumber-
some computation of the exact algorithm leads to the com-
plexity in ensuring the operation efficiency. With the explo-
ration of AI and the development of information technology, 
a heuristic algorithm that can obtain an acceptable relative 
optimal solution in a short period of time has been formed. 
The high efficiency and wide adaptability indicate that heu-
ristic algorithm can become the key to solve large-scale 
scheduling problems [62]. At present, a solving algorithm 
based on hierarchical clustering and variable neighborhood 
search algorithm is applied in the production scheduling of 
complex aerospace components. First of all, hierarchical 
clustering is used to order combined lots and initial roll-
ing batches. Based on the initial rolling batch formed in the 
first stage, the order batch was optimized by the variable 
neighborhood search algorithm combined with the idea of 
simulated annealing algorithm. The application of some 
algorithms in production scheduling is collated as shown in 
Table 3. It can be clearly seen that genetic algorithm (GA), 
ant colony optimization (ACO) algorithm, and particle 
swarm optimization (PSO) algorithm have received a lot of 
attention in the research of production scheduling. Outstand-
ing adaptability and robustness as well as efficient solution 
ability are the main reasons for this trend.

Based on the combination of mathematical derivation 
and computer simulation, GA plays an important role in the 
field of fast optimization methods by converting the solving 

Table 2   Typical basic scheduling rules [48, 49]

Rule Category Priority

SPT (shortest processing time) Rules based on processing hours Minimum processing hours
LPT (longest processing time) Rules based on processing hours Maximum processing hours
EDD(earliest due date) Rules based on delivery time Earliest delivery date
MST(minimum slack time) Rules based on processing hours Minimum relaxation time
SWR(shortest work remaining) Rules based on processing hours Shortest remaining processing time
LOR(least operations remaining) Rules based on the number of operations Least total remaining operands
FCFS (first come first serve) Rules based on arrival time First to arrive first to process

Fig. 4   Network-based dynamic dispatching rule generation method 
for real-time production scheduling problems [55]
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process of a specific problem into another process of con-
tinuous selection, crossover, and mutation according to the 
fitness set by the individual [77]. However, there are some 
inevitable problems of early GA, such as premature con-
vergence, strong parameter dependence, and difficult fitness 
function construction. As enterprises consider scheduling 
objectives more thoroughly, it becomes more difficult for 
early GA to incorporate factors such as production cycle, 
machine load, and production efficiency [78]. Various rea-
sons have prompted researchers to continue to seek new 
breakthroughs on the original basis, including improving 

the basic genetic algorithm. Through further research on 
chromosome coding, algorithm structure, crossover/muta-
tion/selection operations, the algorithm’s ability to solve the 
model/problem, the performance and stability of searching 
the global optimal solution are significantly improved, and 
the premature convergence problem is also avoided [79]. 
Specifically, Cheng et al. [69] combined the job produc-
tion of personalized products with the process production 
of standardized products through GA based on Q-learning. 
The four-segment chromosome code shown in Fig. 5 can 
be used to represent this specific implementation process. 

Table 3.   Practical application of partial heuristic algorithm in production scheduling research [19, 21, 23, 24, 26–30, 32–35, 37, 63–76]

Reference GA ACO TS PSO LSA MO GVNS TOPSIS

Yin et al., 2022 [19]

Musiał et al., 2018 [21]

Yuan et al., 2021 [23]

Leyva et al., 2019 [24]

Dai et al., 2019 [26]

Basiri et al., 2020 [27]

Gong et al., 2020 [28]

Zhu et al., 2019 [29]

Wang et al., 2019 [30]

Lin et al., 2019 [32]

Kurdi et al., 2019 [33]

Yavari et al., 2018 [34]

Engin et al., 2018 [35]

Zhang et al., 2016 [37]

Alipour et al., 2022 [63]

Han et al., 2017 [64]

Zhang et al., 2017 [65]

Sang et al., 2022 [66]

Shang et al., 2018 [67]

Sang et al., 2020 [68]

Cheng et al., 2022 [69]

Jia et al., 2019 [70]

Thiruvady et al., 2022 [71]

Chen et al., 2020 [72]

Kunapareddy et al., 2020 [73]

Siqueira et al., 2020 [74]

Chaouch et al., 2019 [75]

Dao et al., 2017 [76]
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This method was beneficial to meet job availability, machine 
availability and no idle time constraints when both assembly 
line production and job production are involved. Zhang et al. 
[37] integrated the local improvement strategy based on the 
original optimization problem into the multi-objective GA, 
which improved the performance of the algorithm.

ACO is a bionic optimization algorithm inspired by the 
foraging behavior of ants, which can effectively deal with 
the N-P Hard problem of task-resource allocation [80]. 
Hence, the algorithm has obtained widespread applica-
tion in many fields, such as the traveling salesman problem 
(TSP), quadratic programming problem, function optimi-
zation, and robot path planning. For scheduling problems 
with minimizing completion time and total energy consump-
tion as the scheduling objectives, Jia et al. [81] proposed a 
bi-objective hybrid ant colony optimization (BOACO) and 
used dynamic heuristic information such as job scale and 
processing time to guide the search and then combined with 
local optimization module to improve the quality of solu-
tions, respectively. Compared with other algorithms, the 
above algorithm required more running time on small job 
instances. However, in the case of large job instances, the 
advantage in time was reflected. Faced with the problems 
of large-scale scheduling in cloud computing, Liu et al. [82] 
designed a polymorphic ACO considering the pheromone 
adaptive updating and adjustment mechanism, which can 
obtain a satisfactory scheduling scheme in terms of shorter 
execution time, lower cost, and more balanced load.

PSO is a swarm intelligence optimization algorithm that 
simulates the predation behavior of birds and fish. It has 
been widely used in scheduling problems [70], optimiza-
tion problems [83], path planning problems [84], and other 
practical problems with the advantages of small computation 
and few control parameters. Although the slow convergence 
speed and low convergence accuracy as well as the tendency 

to local optimum are the limitations that still exist, the opti-
mization performance is significantly enhanced through the 
improvement of parameters and population structure, posi-
tion velocity updating method, and algorithm fusion [85]. 
Saeedi et al. [86] used an Improved Many Objective Particle 
Swarm Optimization (I_MaOPSO, see Fig. 6) to deal with 
four conflicting scheduling objectives in scientific workflow 
scheduling from cloud computing, including maximum com-
pletion time, minimum cost, minimum energy consumption, 
and maximum reliability. The pain point that the efficiency 
of the multi-objective scheduling optimization algorithm 
descended seriously when the number of targets exceeds 3 
was overcome. In addition to the direct effect on the schedul-
ing problem, Wang et al. [87] found that the improved PSO 
can effectively solve the distributed GA when dealing with 
the random arrival of new jobs, to form the corresponding 
rescheduling strategy to guide the next scheduling work. 
The corresponding PSO improvement strategies included 
an improved decoding scheme, a population initialization 
method by designing a new conversion mechanism, and a 
new particle motion method by introducing position changes 
and random inertia weights. This method was remarkably 
effective in minimizing the discontinuity rate of new jobs 
during the processing, the makespan deviation of initial 
schedule, and the sequence deviation on machines.

3.3 � Intelligent information technology

In order to respond to the advanced requirements of smart 
manufacturing and the new generation of Industry 5.0 to 
realize “Human-centric Smart Manufacturing,” it is a new 
trend to build intelligent production lines for complex 
aerospace components, which requires overall consid-
eration of product process design, processing equipment, 
process arrangement, quality testing, production process 

Fig. 5   An illustrative four-
segment chromosome represen-
tation [69]
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measurement, and control. The whole scheduling of pro-
duction process based on the actual conditions of various 
products is a key step to realize cost saving and consump-
tion reduction. Considering the product design of complex 
aerospace components, the following options are available:

•	 High temperature alloy, aluminum alloy, titanium alloy, 
stainless steel, and other materials can be selected as 
parts raw materials.

•	 The range of geometric diameters that can be produced 
is extended to 200—12,000 mm.

•	 The geometry can be designed in different forms accord-
ing to the specific use requirements and installation envi-
ronment.

Thus, it can be seen that the production of complex aero-
space components has become personalized, which requires 
manufacturing enterprises to execute plans and schedules 

in a real-time and flexible manner to respond to various 
customer needs. In the meantime, the further application of 
new generation of intelligent information technologies such 
as digital twin, edge computing, and industrial Internet of 
Things in traditional manufacturing industry provides new 
possibilities for the optimization of production scheduling.

3.3.1 � Digital twin

Digital twin integrates multi-physical, multi-scale, and 
multi-disciplinary attributes and has the characteristics of 
real-time synchronization, reliable mapping, and high fidel-
ity, so it becomes an enabling technology for smart manu-
facturing [88, 89]. Aiming at the problems of long process 
design cycle, insufficient forming quality, high energy con-
sumption, and low efficiency in the current production of 
complex aerospace components, the combination of digital 

Fig. 6   Flowchart of the pro-
posed algorithm (I_MaOPSO) 
[87]
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twin and traditional manufacturing can bring the following 
breakthroughs:

•	 The real-time mapping of the production process is real-
ized through the model operation driven by the produc-
tion process data, so that the managers can track the 
workpiece processing flow online and realize the repro-
duction and backtracking of the production process.

•	 Considering the fault diagnosis information and the 
health status of the equipment, as well as the compari-
son between the predicted value of the key characteristic 
parameters of the equipment obtained from the simula-
tion and the actual value perceived by the equipment, the 
efficient and safe operation of the heavy asset equipment 
is guaranteed.

•	 Based on the digital twin model of forming process, the 
quality analysis results of workpiece can be obtained 
online by real-time sensing of production process data, 
which provides support for the quality optimization. In 
addition, comprehensive optimization of process param-
eters “pre-production—in-production—post-production” 
is realized by simulating and optimizing pre-set process 
parameters, relying on real-time perception of produc-
tion data to complete dynamic optimization of process 
parameters, and continuously improving model simula-
tion capabilities based on historical data accumulation.

Obviously, as an effective means to link physical and 
information space together, digital twin has a great develop-
ment prospect in complex aerospace components production.

Zhang et al. [90] proposed an equipment energy con-
sumption management (EECM) framework based on dig-
ital twin in view of the importance of equipment energy 
management in workshop production and pointed out that 
EECM is an effective way to reduce energy consumption 
and improve equipment energy efficiency. Jiang et al. [91] 

indicated the importance of planning, scheduling, and execu-
tion (PSE) for coordinating tasks during prefab construction 
site assembly and developed a digital twin-enabled real-time 
synchronization system (DT-SYNC) for PSE. The proposed 
system can facilitate collaborative decisions for high-level 
planning and scheduling and dynamically control low-level 
execution through real-time data-driven digital twinning. To 
realize intelligent decision making in CPS, Villalonga et al. 
[92] designed a digital twin framework based on local and 
global, as shown in Fig. 7. The framework centered on the 
new decision rule and improved global performance through 
global digital twin scheduling. At the same time, the local 
digital twin based on local data monitoring was used to con-
sider the current running condition of the physical asset, 
which successfully improved the production efficiency by 
avoiding the degradation of production performance caused 
by failure or component degradation.

3.3.2 � Edge computing

In general, multi-objective production scheduling relies 
on real-time or near-real-time responses to control various 
operations on the factory floor. However, existing central-
ized remote cloud servers and communication services can-
not meet critical delay requirements and real-time big data 
flow analysis [93]. Solving the problem of delay-sensitive 
tasks and improper processing of applications in the cloud 
platform is the main purpose of edge computing, which is 
relevant to the advantages in security, privacy, and transmis-
sion delay [94]. Hence, the real-time performance of sched-
uling tasks such as monitoring of manufacturing resources 
and production processes, digital quality management, data 
analysis, and control is improved through edge computing.

Chen et al. [95] proposed the manufacturing edge com-
puting architecture based on the Internet of Things (IoT) as 
shown in Fig. 8 from four aspects of edge devices, network 

Fig. 7   Digital twin framework 
based on local and global [93]
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communication, information fusion, and the collaboration 
mechanism of cloud computing. Compared with the tra-
ditional method, this structure had obvious advantages in 
business agility and bandwidth optimization and provided a 
technical reference for the deployment of edge computing in 
multi-objective production scheduling. In the hybrid com-
puting framework proposed by Li et al. [96], the application 
of edge computing could meet the real-time requirements of 
task scheduling in manufacturing, and at the same time, the 
operation satisfaction and energy saving performance were 
also improved. For the flexible resource scheduling problem, 
in order to promote the rapid reconfiguration, operation and 
evolution of the manufacturing system to ensure that the 
system can respond to external and internal changes in a 
timely manner, Yang et al. [97] introduced edge computing 
to properly clean and combine different levels of data to 
reduce the data traffic in the network. On the other hand, 
on the task delay problem caused by the dynamic change of 
computing resources, Zhu et al. [98] put the proposed sched-
uling algorithm based on soft deadline and constraint in the 
mobile edge computing environment and found that the task 
response time and delay time were significantly reduced.

3.3.3 � Industrial Internet of Things (IIoT)

As a rapidly developing technology, IIoT realizes the com-
munication and information interaction between “things” 
and “things,” “people” and “things,” as well as the intel-
ligent identification, positioning, and tracking of objects 
through radio frequency identification (RFID) technology, 
various sensors, and other information sensing technologies 
[99]. Research on IIoT is mainly divided into three aspects: 
perception layer, network layer, and application layer, as 
shown in Fig. 9. The perception layer is the lowest layer 
of the whole IIoT system, and its main role is to collect 
information such as the response information of production 
equipment to the environments and send all kinds of signals 
collected to the cloud platform through the wireless network 
for big data processing. Thereinto, RFID technology is the 
key to ensure the real-time information acquisition process. 
The network layer, also known as the transport layer, is the 
basis for the communication between “things” and “things,” 
“people” and “things.” Furthermore, as the top layer of the 
whole system, the application layer is mainly used to provide 
interface for system users (including people, organizations, 

Fig. 8   Architecture of an edge 
computing platform in IoT-
based manufacturing [96]

Fig. 9   Three-layer application 
model of the Internet of Things
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or other systems), to realize the intelligent operation of the 
whole system.

Combined with the IIoT, Darwish et al. [100] proposed 
a green architecture based on allocation and scheduling for 
large-scale tasks, as shown in Fig. 10. The architecture can 
meet the needs of large-scale tasks in any high-load situa-
tion in a timely manner. Dhungana et al. [101] used the IIoT 
platform to complete the formulation of production plans 
across multiple factories, to realize the connection between 
factories and cloud platforms and the management of pend-
ing data in applications. Coito et al. [102] combined smart 
sensors, enterprise databases, and fog computing technolo-
gies into the IIoT system. Through the real-time integration 
and evaluation of data from the cloud and smart sensors to 
reschedule, the system’s resource utilization rate increased 
significantly.

4 � Intelligent management control system 
for production scheduling

Production of complex aerospace components is an 
extremely intricate process, which is mainly reflected in 
product process and production line integration. Compared 
with cold processing, forging under hot processing pays 

more attention to the internal organizational performance, 
so the real-time evolution of its microstructure with tempera-
ture changes is an important concern of smart manufactur-
ing. In addition, as for forging rings, which are mostly used 
for satellite shells, rocket tanks, satellite supports, and other 
parts, the general forming process includes blanking, heat-
ing, forging, rolling, heat treatment, machining, and final 
quality testing (see Fig. 11). Preheating before rolling rings 
can also be considered. So, multiple processes increase the 
complexity of aerospace component production process. On 
the other hand, the construction of intelligent production line 
for complex aerospace components mainly integrates intelli-
gent process design system, intelligent process detection and 
control system, and intelligent quality testing system [103]. 
The effective interaction of data flow of each system is the 
key to realize the integration. As can be seen in Fig. 12, 
from the production order generation according to customer 
requirements and material to the product quality inspection 
and packaging, there are many data docking and transmis-
sion needs to be realized. The combination of intelligent 
information technology can effectively reduce the complex-
ity of data control. The key to realize intelligent production 
line is to drive production line scheduling by synthesizing 
the state information of each part of the data stream.

The production process data, which mainly comes from 
the equipment and quality testing in the actual production 
process, has a crucial impact on the product quality, because 
it can ensure that the production process is carried out in a 
stable and efficient environment, to stabilize the takt time 
and improve product production level. Moreover, most of 
the production process data belongs to the state-type data, 
reflecting the real-time state and historical state of the pro-
duction process. Only by making the utmost of all the data 
can the forging process be stabilized and the scheduling 
performance be improved. In the final analysis, the purpose 
of production process management is to ensure that the pro-
duction state is in a stable, efficient, and low energy con-
sumption production mode. Therefore, intelligent production 
scheduling system for real-time management and control 
of various production data has been widely concerned by 
researchers.

As shown in Fig. 12, the uncertainty of actual require-
ments and completion of each part of the production process 
affects the actual completion and energy consumption. In 
order to deal with the unexpected outages caused by uncer-
tain factors in the production process, some researchers have 
developed job scheduling systems for predicting outages, 
but there are some limitations in accuracy. On this basis, 
Sobaszek et al. [104] developed an intelligent job scheduling 
system based on predictive scheduling and reflection, which 
mainly includes a statistical data analysis module, a data-
base with a decision controller, and a predictive-responsive 
scheduling module. By analyzing the influence of uncertain 

Fig. 10   Graphical representation of the proposed real-time alloca-
tion and scheduling architecture for the customized 3DPTs in the IIoT 
[101]
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factors such as work processing time and machine failure, 
the feedback scheduling was realized by combining the 
designed FCFS (first come first served), EDD (earliest due 
date), LPT (longest processing time), and RND (random) 
scheduling rules. The robustness of the production schedul-
ing system was improved by predicting outages and using 
machine learning to handle subsequent scheduling. Besides, 
in the subsequent study by Sobaszek et al., a module based 

on the ARMA/ARIMA model [105] that could predict the 
change of processing time was designed, which became 
an important part of the intelligent production scheduling 
system.

It is inevitable to encounter large and complex produc-
tion tasks in the production process, which means that the 
amount of data processed by the scheduling system is also 
numerous. Wang et al. [106] built a production planning 

Fig. 11   General production 
process of complex aerospace 
components

Fig. 12   Integrated system 
framework of management con-
trol for the production schedul-
ing of complex aerospace 
components forming
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and scheduling platform integrated by the production plan-
ning and scheduling system, enterprise resource planning 
(ERP) system, and supervisory control and data acquisition 
(SCADA) system and realized the communication and inte-
gration of each module in the platform, such as production 
plan management, process management, bill of material, 
parts inventory management, and equipment management. 
About the algorithms in the system, the top-down hierarchi-
cal decomposition of production tasks can be accomplished 
by the production task planning method based on dynamic 
critical path method and task hierarchy network method, 
which greatly reduces the complexity. Besides, task comple-
tion time minimization and equipment utilization maximi-
zation can be achieved by adjusting the hierarchical results 
of the process level task optimization method based on 
dynamic critical path and minimum idle time.

As can be seen from Table 1, reducing energy consump-
tion is one of the key optimization indexes of intelligent 
production scheduling. Fang [107], Yan [108], Salido 
[109] et al. proposed corresponding optimization methods 
to reduce energy consumption in the early stages, but the 
schedules in these studies were all created before production, 
and the optimization model always used outdated machine 
state information and lacked consideration of the real-time 
state of manufacturing resources and machine energy con-
sumption. Based on this, Wang et al. [110] developed an 
integrated real-time energy efficiency optimization method 
(REEOM) for the purpose of integrating the real-time moni-
toring system of workshop energy with the production plan-
ning system. The feature of REEOM was that the production 
plan is generated according to the state information of manu-
facturing resources and the real-time data in the production 
process, which is more adaptive and effective. In addition, 
abnormal conditions such as machine failures and excessive 
energy consumption can be actively sensed and uploaded to 
the production management system, and then the schedul-
ing instructions can be rearranged to create timely response 
actions. It is conceivable that the implementation of REEOM 
can improve the productivity, energy efficiency, and schedul-
ing flexibility of energy intensive manufacturing enterprises. 
In the process of sorting out the intelligent management con-
trol system, the search of the cited literature also follows the 
search method described in Sect. 2 for the search keywords.

5 � Discussion

Multi-objective production scheduling problems have always 
been a research hotspot in the field of manufacturing, espe-
cially for complex aerospace components manufacturing 
enterprises that pursue high performance, high efficiency, 
and high quality. With the intensification of market compe-
tition and the diversification and individuation of customer 

demand, the production is developing in the direction of 
multi-variety and variable batch. In recent decades, research 
on the optimization of multi-objective production schedul-
ing problems has been continually proposed, providing vari-
ous targeted optimization techniques. Efficient optimization 
technology can not only provide a more rapid and scientific 
response to urgent customer orders and other production 
emergencies, but can also enhance the enterprise’s produc-
tion performance indicators, such as equipment utilization 
rate and order completion rate, and reduce inventory and 
costs, to achieve the business objectives of the enterprise.

At the present stage, the single-objective scheduling 
method has shown fatigue in the production scheduling pro-
cess of multi-dimensional heterogeneous data interaction.

For the closer to the actual production process of multiple 
scheduling objective research, it is more practical because of 
the remarkable effect in obtaining optimal solution or near 
optimal solution. Among the various scheduling objectives, 
the minimum energy consumption, maximum completion 
time, and minimum total delay are given priority attention, 
which indicates that the reduction of production cost and 
energy consumption and the improvement of efficiency are 
the primary concerns for manufacturing enterprises and are 
in line with the production concept of green manufacturing 
[111]. In order to make the optimization scheduling problem 
more comprehensive, that is, the optimal solution or near-
optimal solution obtained is more meaningful for practical 
production, we believe that the scheduling objectives such 
as maximum machine load [25], optimal parts sequencing 
[27], earliest delivery time [31], and system utilization rate 
[112] can be further considered. Visual inspection and real-
time control of machine load in the production process can 
ensure the safety and robustness of production. The ability 
to adjust parts ordering, delivery time, and system utilization 
as needed is critical for cost savings and energy reduction. In 
addition, the complexity of the multi-objective production 
scheduling problem makes it difficult to find the optimal 
global solution when there are many conflicting scheduling 
objectives. In this case, the fuzzy satisfaction degree of the 
solution can be an effective means to evaluate its quality.

In the multi-objective production scheduling problem, the 
main requirements of the algorithm are high speed, high 
efficiency, and real-time change with the change of work-
ing conditions. Because of local optimality and high time 
cost, traditional search algorithms cannot meet the demand. 
Scheduling rules are suitable for solving general scheduling 
problems in actual production due to their low time com-
plexity and stable scheduling capabilities [113]. However, 
in the personalized production of complex aerospace com-
ponents with multi-variety and variable batch, the influ-
encing factors in the scheduling optimization process are 
more complex, which means that even the best scheduling 
rules are not guaranteed to deal with a variety of unexpected 
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situations [114]. Therefore, we believe that designing per-
sonalized scheduling rules for specific production situations 
in small-scale production or using heuristic algorithms to 
dynamically generate more appropriate scheduling rules to 
solve large-scale scheduling problems can obtain satisfac-
tory scheduling solutions.

According to the research in Sect. 3, various heuristic 
algorithms appear in the current research show that signifi-
cance in multi-objective production scheduling optimiza-
tion. The opportunities and challenges of each algorithm 
are summarized in Table 4. There are always advantages and 
limitations of each algorithm, and different algorithms can 
form complementary advantages. In other words, combining 
two or more optimization algorithms can effectively avoid 
the defect that basic local search methods tend to fall into 
local optimal when simulating natural processes directly. For 
example, PSO algorithm and simulated annealing algorithm 
can be combined to get PSO-simulated annealing algorithm, 
improved PSO algorithm, PSO-simulated annealing algo-
rithm alternating algorithm, and PSO-simulated annealing 
collaborative algorithm. The solving ability of each hybrid 
algorithm has higher solved quality. Furthermore, with the 
popularity of high-performance computing devices and the 
rapid development of cloud computing, computing power 
is no longer the primary factor restricting the scale of algo-
rithms, so the hybrid application of multiple heuristic algo-
rithms can obtain more obvious and richer optimization 
effects.

As mentioned above, scheduling rules and heuristic algo-
rithms are the first starting point to solve the multi-objective 
production scheduling problem. At the same time, benefit-
ing from the development and integrated application of new 
technologies such as new sensing technology, information 
technology, and the Internet, the solving process of complex 
scheduling problems is further optimized. In the produc-
tion process, using the IIoT as the basic platform for task 
scheduling can continuously integrate various control sen-
sors with sensing and monitoring capabilities, as well as 

mobile communication, intelligent analysis, and other tech-
nologies into all aspects of the industrial production pro-
cess, thereby improving product quality, reducing resource 
consumption, and finally realizing the transformation of 
traditional industry to a new stage of intelligence. To be 
specific, the digital twin can effectively reduce the cost and 
time of trial and error by constructing a virtual scheduling 
model. Edge computing ensures the real time and security 
of data flow interaction in large-scale production scheduling 
scenarios. Because of the remarkable effect in reducing costs 
and improving production efficiency, these two technolo-
gies are of great significance to the further development of 
personalized production at this stage. Besides, automated 
guided vehicles (AGV) minimize delays and reduce costs in 
logistics systems and are widely used in complex material 
handling in smart factories [115]. Machine vision provides a 
new research idea for the reliability of product conveyor belt 
system [116]. Fog computing supports real-time computing 
services for terminal devices to alleviate transmission pres-
sure between the cloud and the terminal [20]. In general, 
in the face of complex processes such as aerospace com-
ponents production, the ability of scheduling optimization 
algorithm to seek the optimal solution of scheduling scheme 
is limited. Intelligent information technology can simplify 
complex problems and reduce task search space, which sets 
up a good environment for solving optimization algorithm. 
Various intelligent information technologies can effectively 
reduce the complexity of multi-objective production sched-
uling problems, which is fully reflected in the intelligent 
management control systems for production scheduling.

It is well known that multi-objective production schedul-
ing is NP-Hard problem. According to the requirements of 
multi-variety and variable batch production, the production 
of complex aerospace components should simultaneously 
consider the constraints of energy consumption and tempera-
ture in hot forming production as well as the representation 
methods of materials, tooling, and process sequence. That 
is to say, the complex production environment is formed 

Table 4   Analysis of the opportunities and challenges of common heuristic algorithms [63–76]

Algorithm Opportunities Challenges

GA Strong adaptability and good robustness. It is easy to obtain 
global excellent solutions and suitable for large-scale parallel 
distributed processing

The stability is poor, the early stage is easy to converge prema-
turely, and the search depth is insufficient in the middle and late 
stage

ACO It has good robustness, strong positive feedback ability, and easy 
to implement in parallel

Long computation time and slow convergence speed

TS Strong local development ability, fast convergence speed, and 
good versatility

The global development ability is weak, and only local optimal 
solutions can be searched

PSO The search speed is fast, the algorithm is simple and has 
memory, and it is suitable for real-valued processing

It is easy to fall into local optimum, which is not effective for 
discrete optimization problems

VNS Large degree of freedom, strong local search ability, and good 
versatility

It depends on the initial solution and the neighborhood structure, 
and the iteration process is complicated
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under the coupling of multiple constraints. In the prepara-
tion stage of the production process, it is necessary to con-
sider the pre-production of different work orders, such as 
mold, material, and furnace temperature. In the production 
process, the delivery time of the order, the insulation tem-
perature, and the time of the product should be included in 
the consideration of the processing sequence, as well as the 
method of dealing with the unexpected events caused by the 
material of the workpiece, the lubrication effect of the mold, 
and other problems. Under the influence of multiple factors 
concurrently, it is necessary to integrate production sched-
uling system and flexible logistics equipment to carry out 
continuous optimization of job tasks and achieve the optimal 
cooperation of the production organization by analyzing the 
trade-off relationship of objective quality testing. Therefore, 
the intelligent management control systems for production 
scheduling play a key role in multi-objective production 
scheduling and promote the intelligent transformation and 
upgrading of traditional manufacturing enterprises.

Moreover, the construction of intelligent production lines 
through the further integration of intelligent information 
technology with traditional manufacturing methods will be 
one of the most prominent features of the future manufac-
turing mode. Because cost saving, energy reduction, and 
efficiency improvement, which come from production intel-
ligence, are exactly the goals that the manufacturing enter-
prise unceasingly pursues. However, as mentioned in Sect. 4, 
the interaction of data and the arrangement between systems 
is not an effortless problem to solve. Figure 13 clearly shows 
the flow and interaction of data between the various levels 
of the intelligent production line. In addition to the direct 
transmission of data flow between the two systems, each sys-
tem can read and download the data needed for production 
from the information system including ERP, MES, and APS. 
As for the intelligent production line of aerospace complex 

forgings [103], the process flow designed by the CAPP sys-
tem, the process cases successfully verified by the quality 
testing system, and the abnormal conditions detected by the 
process control system can all be fed back to the schedul-
ing management control system for dynamic production 
rescheduling, so as to achieve the optimal coordination 
of production organization. It can be seen that production 
scheduling optimization is the key technology of overall pro-
duction process, and intelligent management control system 
for production scheduling is an indispensable part of intel-
ligent production line.

6 � Conclusions

In the face of the personalized production requirements of 
complex aerospace components such as forging rings, multi-
objective production scheduling is the key to ensuring that 
manufacturing industry can accomplish cost savings and 
energy reduction. Clear scheduling objectives combined 
with effective scheduling methods and efficient schedul-
ing control systems are conducive to achieving this goal. 
Therefore, the frontier research on multi-objective produc-
tion scheduling optimization is discussed and summarized 
from three aspects, namely, scheduling objectives, sched-
uling methodologies, and scheduling management control 
systems. The conclusions can be drawn as follows:

	(1).	 The objective of reducing energy consumption and 
production costs and improving production efficiency 
is the main content of production scheduling research 
at the present stage. ​Factors such as different order 
requirements, frequent machine adjustment and urgent 
production schedule changes make it difficult for the 
production scheduling method based on single sched-

Fig. 13   Data flow between 
systems in an intelligent produc-
tion line
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uling objective to overcome many influencing factors 
to find the optimal scheduling scheme. On the con-
trary, the production scheduling method which takes 
into account the multi-types of scheduling objectives 
have more critical significance in realizing further 
cost saving and consumption reduction and guiding 
the production of products due to its high security 
and stable robustness. Scheduling objectives such as 
maximum machine load, optimal parts ordering, ear-
liest delivery date, and system utilization are consid-
ered to be included in the optimization of production 
scheduling. In addition, when considering multiple 
scheduling objectives, the conflict between objectives 
needs to be further solved.

	(2).	 Compared to scheduling rules, heuristic algorithms 
can better deal with unexpected situations in the pro-
cess of production scheduling under multiple factors, 
to achieve dynamic scheduling. GA, ACO, and PSO 
are proved to be suitable for scheduling problems 
according to their characteristics. The hybrid appli-
cation of several heuristic algorithms can make the 
optimization performance more excellent. In addition, 
the integration of digital twin traditional industry has 
achieved breakthroughs such as real-time tracking and 
backtracking of workpiece production processes, fault 
diagnosis and health status prediction of key forming 
equipment, and real-time feedback optimization of 
workpiece forming quality and process parameters. 
Edge computing, IIoT, and other intelligent informa-
tion technologies also effectively reduce the complex-
ity of production scheduling and provide powerful 
technical support for multi-objective scheduling.

	(3).	 Based on scheduling rules and heuristic algorithms, 
the intelligent management control systems for pro-
duction scheduling realize data-driven production 
scheduling optimization through real-time adjustment 
for state-type data of the whole production line pro-
cess of “process design—process detection—quality 
testing” and closed-loop feedback control for abnor-
mal situations. With the help of intelligent informa-
tion technology, the full use of production data not 
only improves product quality and scheduling perfor-
mance, but also has great significance to realize the 
transformation and upgrading of the digital produc-
tion workshop to the smart manufacturing mode in 
manufacturing industry.

The personalized production proposed by Industry 5.0 is 
a new model that conforms to the development of the times 
and industrial needs, which means that it will be widely used 
in all walks of life. The increase in the proportion of deci-
sion-makers’ preferences in such a new mode causes more 
scheduling objectives to be considered in future production 

scheduling problems. Therefore, as the number of control 
objectives in the scheduling scheme increases, the trade-off 
method of the competitive relationship between the schedul-
ing objectives should be further improved in future research. 
In addition, the cooperation between scheduling algorithms 
and advanced technologies such as digital twins, edge 
computing, and IIoT is also worthy of intensive research, 
which has important implications for optimizing scheduling 
schemes for complex processes such as the production of 
complex aerospace components.
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