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ABSTRACT
Industry 4.0 technologies create a connected ecosystem that allows 
for real-time monitoring, control, and optimization. This enables the 
manufacturing industry to move the ultimate goal of their busi
nesses from lean to leagile. Then, to meet the needs of leagile 
manufacturing, an integrated production planning and scheduling 
system is needed. The academic world responds to the need by the 
growth of papers. Many methodologies, models, frameworks, and 
methods have been proposed. Literature abounds on classifying 
them, yet it remains inconclusive mainly on their applicability to 
Industry 4.0. In this regard, this paper conducts a literature review 
aiming to show the state of the art and discover the most promising 
production planning and scheduling method for Industry 4.0 
among the many. Lastly, on the basis of this study, recommenda
tions on possible future research directions are provided for 
researchers, and the design of the next-generation production 
planning and scheduling system for Industry 4.0 is also suggested.
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1. Introduction

Production planning and scheduling are among the most important aspects to consider 
in a factory. Scientific analysis of the manufacturing process first began with Frederick 
Taylor (1911). Taylor created the specialty of industrial efficiency. He is widely known as 
the father of scientific management. Karol Adamiecki (1931) and Henry Gantt (1903) 
were Taylor’s contemporaries. They invented similar forms of graphical analysis based on 
a calendar, respectively. However, since Gantt published his effort much earlier than 
Adamiecki, Gantt charts became the primary tool for planning and scheduling. But Gantt 
charts worked well only in a single factory. Ellis A. Johnson (1960) made a significant 
breakthrough. He provided Johnson’s rule for scheduling jobs in multiple production 
facilities. At the same time, operations research (OR) emerged in the military field during 
World War II. OR is concerned with finding an optimum solution using mathematical 
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and statistical techniques and methods. Most production planning and scheduling 
systems today are built on OR (Johnson & Montgomery, 1974).

Production planning and scheduling herein refer to managerial decisions at tactical 
(medium-range) and operational (short-term) levels. Sometimes, the tactical planning 
level is decomposed into two parts: aggregate production planning (APP) and master 
production scheduling (MPS). Both planning and scheduling are related to arranging 
resources to meet production goals. They are often used interchangeably, but they 
actually refer to two separate activities. Production planning concerns using existing 
resources to meet demand as effectively and profitably as possible. Production capacity 
can be adjusted within limits by varying one or more of the following: the workforce size, 
the allowed overtime, the shifts, the production rate, the inventory level, and so on. 
Scheduling concerns the day-to-day operations within the guidelines established at the 
planning level. Scheduling involves assigning products to machines, sequencing and 
routing orders through the plant, determining replenishment quantities for each stock- 
keeping unit, and so on (Silver et al., 1998). Real-time scheduling is equivalent to control 
(Dong et al., 2016; Gyulai et al., 2017; Kan & Shen, 2020; Monostori et al., 2010; 
Santander et al., 2020).

Computerized production planning and scheduling systems became popular in the 
third industrial revolution (Industry 3.0) when robotics highly performed human tasks. 
Material requirements planning (MRP) was the earliest production planning and sche
duling system. The primary function of an MRP is to ensure that materials are available 
when they are needed. In the 1980s, MRP evolved into MRP II by adding additional 
financial and employee needs data. Enterprise resource planning (ERP) originated with 
MRP II. ERP introduced full integration of manufacturing processes and the company as 
a whole. The first ERP system was released in the 1990s. However, the existing ERP 
systems are still weak regarding planning and scheduling as they are optimized for 
transaction processing, not large-scale, high-volume data analytics. Thus, complement
ing them with advanced planning and scheduling (APS) systems has become a trend. APS 
is the core of smart manufacturing.

Entering the Industry 4.0 era, the need for a bespoke APS is more pressing. While 
Industry 3.0 primarily focuses on physical systems, Industry 4.0 focuses heavily on cyber- 
physical systems (CPS), i.e. real and virtual exist simultaneously (Audaces, 2021). The 
critical factors of a CPS are the integration of virtual and physical systems and (or more 
precisely) the application of connectivity and fast computation among them.

Industry 4.0 technologies provide an incredible opportunity for the manufacturing 
industry to enter the stage of mass personalization at scale. Mass customization, a perfect 
combination of mass production and customization, is an attractive business model for 
those who want to maintain customer satisfaction and build a competitive advantage. 
Mass customization requires a leagile supply chain (Zhang & Qi, 2013). Leagile herein is 
a hybrid term for leanness and agility. Because the degree of leagility depends on 
upstream and downstream integration, production planning and scheduling must be 
integrated to support fast and smooth data exchange.

However, due to their different objectives and time scales, effective planning and 
scheduling integration has proven challenging (Kan & Shen, 2020). There are mainly 
two kinds of integration strategies: hierarchical and monolithic (Vogel et al., 2017). 
The hierarchical method involves a multi-level decision process. Though the 

2 C. CHEN ET AL.



implementation is more manageable, the hierarchical method cannot guarantee opti
mal solutions because decisions at the planning stage are made based on a rough 
approximation of the actual data. In an uncertain environment, the randomness of 
production makes it hard to determine production capacity, which hinders produc
tion planning. On the contrary, the monolithic method could, in principle, provide 
optimal solutions. The higher-level planning problem considers lower-level implicit 
scheduling reactions in advance. Still, the high computational cost arising from the 
degree of complexity prohibits their practical implementation. For many years, the 
academic world has continuously tried to address the coherence issue between plan
ning and scheduling levels. A compromise between modeling accuracy and computa
tional tractability is widely accepted, which overlaps the planning and detailed 
scheduling phases to some extent by hybridizing the two methods within a rolling 
horizon framework.

The current literature abounds with classification schemes for production planning, 
scheduling, and their combinations. For example, Mula et al. (2006) classified general 
types of models in production systems into conceptual models, analytical models, 
artificial intelligence (AI) based models, and simulation models. Maravelias and Sung 
(2009) grouped the modeling approaches into detailed scheduling models, relaxed and 
aggregated scheduling formulations, off-line surrogate models, and hybrid modeling for 
rolling horizon approaches. Meanwhile, they grouped the solution strategies into hier
archical, iterative, and full-space methods. Jamalnia et al. (2019) classified the APP 
models into stochastic mathematical programming, fuzzy mathematical programming, 
simulation, metaheuristics, and evidential reasoning. Recently, Guzman et al. (2022) 
proposed a holistic framework that summarized the most critical aspects characterizing 
production planning, scheduling, and sequencing problems from various perspectives, 
such as decision level, plan aggregation, planning horizon, modeling approach, mathe
matical model objectives, solution approach, development tool, proposed solution, 
application area, actual case application, data set size, and solution quality.

Yet, studies discussing the models and methods’ applicability to Industry 4.0 are 
relatively few and remain largely inconclusive. The gap has recently attracted increasing 
research attention. Herrmann et al. (2022) reviewed and classified the publications 
according to the Aachen production planning and control (PPC) model’s tasks and 
functions. They proposed a CPS PPC architecture for realizing a PPC system in 
a smart factory. The Aachen PPC model is a widespread concept in German-speaking 
countries. Details of the Aachen PPC model can be found in Schuh and Stich (2012). 
Additionally, Krishnan et al. (2022) analyzed the current state, challenges, and future 
prospects of aggregate production planning and scheduling in light of emerging tech
nologies including AI, machine learning (ML), and CPS. Luo et al. (2022) proposed 
a digital twin (DT) framework that integrates production planning systems and frontier 
technologies such as the internet of things (IoT), cloud manufacturing, blockchain, and 
big data analytics.

This paper differs from the above reviews. The authors focus on the integration of 
production planning and scheduling toward the leagile business goal in the era of 
Industry 4.0. The focus helps to narrow down the scope of this study to a reasonable 
extent in light of the huge amount of literature. The following research questions are 
raised in this paper:
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RQ1. What is the state-of-the-art in integrated production planning and scheduling?

RQ2. What are the trends in production planning and scheduling in light of the 
emerging frontier technologies?

RQ3. How would the production planning and scheduling system be like in the 
Industry 4.0 context?

In order to answer the above research questions, this paper conducts a comprehensive 
literature review of contemporary literature. Section 2 describes the review methodology. 
After that, Section 3 talks about the state-of-the-art in integrated production planning 
and scheduling. And Section 4 identifies the impacts of Industry 4.0 technologies on 
production environments and discovers the trends in production planning and schedul
ing in light of the emerging frontier technologies. Next, Section 5 gives the design of the 
next generation production planning and scheduling system for Industry 4.0. Finally, 
Section 6 concludes the paper and gives the future research direction.

2. Literature review methodology

The search and review were synthesized by dividing them into two categories: methods 
(integrated production planning and scheduling under uncertainty) and implementation 
(production planning and scheduling in Industry 4.0). The synthesis was conducted to 
provide a systematic way to learn about the state of the art and future trends. The search 
for the literature was conducted in the Scopus database in September 2022 using the 
search strings depicted in Table 1.

Figure 1 shows the flowchart for the literature review processes during the two 
searches. The initial search returned 1063 articles after removing duplicates. Since we 
only considered English journal articles between 2002 and 2022, 543 articles remained. 
By screening the titles of these articles, 11 off-subject articles were excluded. Additional 8 
articles were discarded due to lack of citations or access to full texts. Then, the full texts of 
the remaining 527 articles were evaluated for eligibility according to their relevance to 

Table 1. The keywords used in this research.
Search 1 Search 2

Production planning 
and scheduling 
construct

TITLE ‘production planning’ OR ‘manufacturing 
planning’ OR ‘job scheduling’ OR ‘job 
shop scheduling’

‘production planning and scheduling’ 
OR ‘manufacturing operation*’

AND
Integration construct TITLE ‘integrat*’ OR ‘hierarchical’ OR ‘aggregat*’ 

OR ‘multiperiod’ OR ‘stage’
AND

Uncertainty 
construct

All  
fields

‘uncertain*’ OR ‘real*time’

AND
Industry 4.0 

construct
All 

fields
‘smart’ OR ‘Industry 4.0’ OR ‘fourth 

industrial revolution’ OR ‘intelligent’ 
OR ‘cyber*physical’

4 C. CHEN ET AL.



integrated production planning and scheduling. The majority focus on combining 
adjacent decisions in operations, such as integrated production and distribution plan
ning, integrated production and maintenance planning, integrated production planning 
and quality control, and so on. They are not within the scope of this work. Finally, we 
selected 58 articles for detailed analysis. International Journal of Production Research, 
Computers and Chemical Engineering, and Computers and Industrial Engineering are 
the top three journals.

In addition, considering production planning and scheduling is a classical problem, 
the traditional books on this topic are also included in the review to assist in answering 
RQ1 - What is the state-of-the-art in integrated production planning and scheduling.

3. The state-of-the-art on integrated production planning and scheduling

3.1. Overview of the selected articles about production planning and scheduling 
integration

A total of 33 selected papers were reviewed in detail. According to their modeling 
approaches and solution strategies, these papers are classified in Table 2.

The majority of the papers consider uncertainties in their models. They either 
proactively enhance the performance of the plan by anticipating a certain degree of the 
occurrence of uncertain events at the planning level or reactively respond to the occur
rence of random events at the scheduling level. The first approach results in excessive 
capacity, while the second approach incurs frequent adjustments. Meanwhile, the mod
eling methods for uncertainty are many. They can be broadly categorized into discrete 
methods and continuous methods. Discrete methods assume discrete events for which 
a scenario tree is created. The first stage in the tree models the present, without 
considering any uncertainty. It gives a baseline plan. The following stages are associated 

Figure 1. The review processes.
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with a series of stage-related decision variables used to correct the baseline plan after the 
occurrence of uncertain events. Such a multi-stage optimization model is usually solved 
using dynamic programming (DP) in papers. On the contrary, continuous methods use 
probability distributions with mean and standard deviation parameters for uncertain 
factors. Expected values then replace the parameters and variables in the models. 
Consequently, the models become the same as the deterministic models. We see in 
these papers that normal distributions are widely assumed even though most data are 
not normally distributed.

Almost half of the papers use simulation methods. The effect of uncertainties can be 
quantified in simulations. The simulation methods used in these papers are heteroge
neous. The discrete event simulator (DES) performs the planning and scheduling pro
cess. The agent-based simulator (ABS) emulates the behaviors of human workers. The 
system dynamics (SD) model simulates interactions between order costs and finished 
order prices. The process simulators estimate the machine processing times for a process 
plan given a set of machining parameters. High-fidelity simulation is made possible by 
feeding DT data to the simulators.

3.2. Review of the production decision-making framework

Silver et al. (1998) present a single general framework for production planning and 
scheduling, as illustrated in Figure 2. The framework embraces decision hierarchy as well 
as system integration. The bidirectional arrows indicate the mutual impact as the 
information flow goes both ways.

The backbone of the entire framework is MPS, which acts as the primary link 
between the marketing and production departments. It breaks down the APP into 
a production schedule that specifies which products should be manufactured at 
particular times in each production plant. MRP then takes the MPS and breaks it 

Figure 2. A production decision-making framework (Silver et al., 1998).
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down into detailed production or procurement schedules for all components and raw 
materials. Based on the MPS and MRP plan, the next step is short-term scheduling, 
which determines the order in which tasks are performed on each machine on the 
shop floor. Finished product scheduling is relevant when MPS is not done at the 
finished product stage. This type of scheduling is initiated by customer requests 
(pull), while MPS relies on forecasts (push).

Both the MPS module and the MRP module are supported by the capacity planning 
module. At the MPS decision level, a rough capacity check is performed to ensure the 
master schedule is feasible. At the MRP decision level, a more detailed check is conducted 
to ensure the accuracy of the plan. If the capacity planning module detects any significant 
capacity issues, the information will be communicated to the higher-level APP.

3.3. Review of the approaches for coping with the hierarchy

There are two main approaches for managing the hierarchy (strategic, tactical, and 
operational) of managerial decision-making: hierarchical production planning (HPP) 
and monolithic production planning (MPP). Silver et al. (1998) identified three methods: 
explicit HPP, implicit HPP, and MPP. Implicit HPP addresses capacity constraints on 
a trial-and-error basis without offering much prescriptive advice.

3.3.1. Hierarchical production planning
The first HPP model was presented by Hax and Meal (1973) who considered product 
type, family, and item. Typically, HPP is modeled as a two-level (aggregation and 
disaggregation) top-down hierarchy. Each level is solved separately. Optimal decisions 
at the upper level provide constraints for the lower level. In turn, the lower level provides 
feedback to evaluate the quality of the upper level solutions. At the aggregation level, 
three types of aggregations are performed: upgrading the perspective from individual 
level to family level, machine level to shop floor level, and short time period to long time 
horizon. A knapsack method could be applied to disaggregation. The knapsack problem 
is a combinatorial optimization that determines the number of items, each with a weight 
and a value, to include in a collection so that the total value is the largest within the 
weight capacity. The disaggregation process is done period by period (Ghazanfari & 
Murtagh, 2002), moving the perspective from a long-term planning horizon to a short- 
term scheduling period.

In HPP systems, the parameters at the upper level are mostly uncertain because they 
are predicted. On the other hand, parameters at the lower level are mostly deterministic 
as there is enough data available to determine them, except for market demands and 
production capacities which still remain ambiguous. However, it has been observed in 
the literature, the upper level models are often deterministic, which assume perfect 
forecast information, leaving the uncertainties to be tackled at the lower level. Even 
though this approach reduces computational complexity, the decisions made at the 
higher level are imposed on the lower level as hard constraints, which may cause 
coherence issues.

Planning in a manner that can address uncertainty during the planning stage is 
a crucial requirement for leagile. A plan that is robust can be efficient, while the opposite 
is not true. Torabi et al. (2010) developed a formulation of the HPP using fuzzy linear 
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programming (LP), which facilitates making decisions at the lower level while allowing 
for minor deviations from the outputs of the upper level.

The two levels of the HPP can refer to different time periods, such as long-term and 
short-term; or different levels of product development, such as product types and families 
(Ghazanfari & Murtagh, 2002), product families and end products (Torabi et al., 2010), 
semi-finished products and finished products (Aghezzaf et al., 2011). They can also 
represent different facility levels, such as enterprise level and shop floor level 
(Venkateswaran & Son, 2005); or different business operation steps, such as order 
acceptance and order production (Rafiei et al., 2013).

The HPP model has the potential to be used in different manufacturing scenarios. For 
example, it can be applied to solve a multi-objective production planning with stochastic 
demand (Ghazanfari & Murtagh, 2002), a multi-product and multi-facility manufactur
ing enterprise (Venkateswaran & Son, 2005), a capacity constrained, multi-product, 
multi-period manufacturing system (Torabi et al., 2010), a capacitated two-level produc
tion system (Aghezzaf et al., 2011), or a hybrid make-to-stock (MTS) and make-to-order 
(MTO) production (Rafiei et al., 2013). As HPP provides a useful framework for the 
establishment of strategic and tactical level objectives and constraints, it can act as a guide 
at the operational level for an organization, even for small- and medium-sized enterprises 
(SMEs) (O’Reilly et al., 2015).

3.3.2. Monolithic production planning
The use of a single simultaneous planning and scheduling model can enhance the quality 
of decision solutions. While building a full-space optimization model is the easiest way to 
construct an MPP, it can be challenging to solve due to the large size of the detailed 
scheduling model. Therefore, breaking down a large-scale production planning problem 
into smaller, more manageable parts is a common method to address the issue of model 
simplification.

One way is to decompose the entire time horizon into equivalent time periods 
(Aguirre & Papageorgiou, 2018; Han et al., 2020; Monostori et al., 2010; Shah & 
Ierapetritou, 2012; Susara et al., 2003; Wen et al., 2017; Yan et al., 2015; Zhang et al.,  
2019; Zhi-Min et al., 2021; Zukui & Ierapetritou, 2009, 2010). Each planning period 
consists of one or more scheduling periods. Then, during each planning time period, the 
problem becomes a bilevel optimization problem. The resulting model is relatively small- 
scale, making it more tractable. It may be possible to establish a fixed pattern and 
repeat it.

Another way is to decompose the entire time horizon into multiple stages with 
varying durations, with more details in the immediate future than in the distant 
future (Alfieri et al., 2012; Dan & Ierapetritou, 2007; Gyulai et al., 2017; Jiang & Yan,  
2022; Luo & Rong, 2009; Zanjani et al., 2010). The first stage represents the current 
period, where parameters are considered deterministic and has the smallest duration. 
The latter stages have increasing durations and reflect the rising uncertainties for the 
far future. As a result, only a few early periods use the detailed scheduling model. 
After that, the relaxation/aggregation or surrogate models are used for the remaining 
periods. This approach reduces the problem size and complexity. A surrogate model 
is trained using a data-driven approach, which makes it more accurate and compu
tationally efficient (Dias & Ierapetritou, 2020). In the literature, some common 
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surrogate models include linear regression, artificial neural networks (ANN), poly
nomial regression surfaces, kriging, radial basis functions, and support vector 
machines. For a comprehensive review of the advances in surrogate-based modeling, 
feasibility analysis, and optimization, one can refer to Bhosekar and Ierapetritou 
(2018).

An iterative framework has been developed for the entire time horizon. It is important 
to note that each subproblem along the time horizon should not be solved independently. 
Instead, a looking forward strategy is highly effective in ensuring feasible solutions in 
subsequent time periods. If the setup costs are significant, the looking forward strategy 
can also benefit the low-cost business goal by producing extra products in certain time 
periods to cover the needs in the subsequent periods. As such, no production is needed in 
some time periods. One can join the subproblems by either alternatively running the 
planning model and the scheduling model, like Yan et al. (2015) did, or using a rolling- 
horizon approach that incorporates additional constraints from proximately following 
periods in the periodical problem solving. The latter is more popular. Glomb et al. (2022) 
investigated the several drawbacks of the classical rolling-horizon approach and devel
oped an algorithm that compensates for these drawbacks both theoretically and 
practically.

3.4. Review of the solution strategies

Developing efficient solutions is important. Particularly, the production scheduling 
problem is an NP-hard problem when the number of machines is greater than three 
(Lenstra & Rinnooym Kan, 1979). Even for the two-machine case, where each job has 
a maximum of three operations, it is already an NP-hard problem. NP-hard problems 
cannot be solved in polynomial time. Therefore, the original large-scale problem has to 
be relaxed and decomposed to reduce computational complexity.

In practice, most mixed integer linear programming (MILP) models are solved by 
linear relaxation techniques (Dan & Ierapetritou, 2007). The branch-and-bound algo
rithm, combined with real-valued algorithms and other strategies, such as cutting planes, 
pricing, and custom heuristics, is an effective one (Monostori et al., 2010; Susara et al.,  
2003).

Lagrangian relaxation has proven to be a powerful means of solving large MIP, 
including mixed integer nonlinear programming (MINLP) (Shah & Ierapetritou, 2012; 
Zukui & Ierapetritou, 2009, 2010). To overcome the duality gap in classical Lagrangian 
relaxation, Zukui and Ierapetritou (2010) developed an augmented one where they 
introduced a positive penalty parameter. They have the optimum of the dual problem 
equal to the optimum of the primal problem, even if the primal problem is non-convex.

Another popular way to solve the full-space model is to use meta-heuristics, such as 
genetic algorithms (GA), simulated annealing (SA), and particle swarm optimization 
(PSO) (Han et al., 2020; Jiang & Yan, 2022; Rafiei et al., 2013; Wen et al., 2017; Yan et al.,  
2015, 2015; Zhang et al., 2019; Zhi-Min et al., 2021). These methods employ randomized 
search techniques to select candidates using some kind of randomness or probability. 
They iteratively move toward better solutions in the search space. Random search 
techniques are relatively easy to implement on large-scale and complex problems with 
‘black-box’ function evaluations. However, their drawback is that there is no one-size-fits 
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-all algorithm, and they must be customized to each specific problem through trial-and- 
error. There is also no guarantee of reaching the optimal solution.

Real-world problems are very complex. Most optimization algorithms tend to focus 
on tackling NP-hard yet idealized problems. These algorithms are not practicable for 
real-world problems, which are difficult to represent in a rigorous mathematical model. 
In this regard, other approaches have been developed, such as simulation-based optimi
zation methods (Ghazanfari & Murtagh, 2002; Gyulai et al., 2017; Kang & Choi, 2010; 
Luo & Rong, 2009; Monostori et al., 2010; Venkateswaran & Son, 2005). Simulation is 
a primary tool for modeling complex systems that are affected by uncertainty. It helps 
decision-makers by providing various scenarios that can be tested to examine the impact 
of alternative plans. However, simulation alone cannot identify and suggest optimal 
solutions. Therefore, it is often combined with optimization techniques such as exact, 
heuristic, and metaheuristic methods. For a comprehensive review of contemporary 
simulation optimization methods, we recommend referring to the paper by Jay et al. 
(2003).

4. Production planning and scheduling in the Industry 4.0 context

4.1. Overview of the selected articles about production planning and scheduling 
in the Industry 4.0 context

The term Industry 4.0 was first introduced at Germany’s Hannover Messe, the country’s 
most important industrial fair, in 2011. Smart factories and online production manage
ment systems began emerging in 2014. The 25 selected papers, published between 2013 
and 2023, were reviewed based on their focused problems impacting frontier technolo
gies. Table 3 provides a summary of these papers.

The papers include real-life case studies and survey/literature reviews. In the former 
category, Zangiacomi et al. (2017) gave a case study for implementing manufacturing 
apps. Tan et al. (2019) gave a case study for CPS-based smart industrial robot production. 
Mohamad et al. (2022) studied the impact of the Industry 4.0 revolution in the textile 
industry in the Association of Southeast Asian Nations (ASEAN) countries. In the latter 
category, Khakifirooz et al. (2019) reviewed the success story of smart manufacturing in 
the semiconductor industry in the literature. Lee (2021) conducted an empirical survey of 
222 hands-on workers who operate smart factories in small and medium-sized Korean 
firms. Rajesh et al. (2022) conducted a literature review to identify and rank advanced 
Industry 4.0 technologies, operational excellence strategies, and reconfigurable manu
facturing system practices for improving the performance of manufacturing organiza
tions. Sharma et al. (2023) carried out a survey to identify critical barriers and suitable 
solution initiatives for the adoption of Industry 4.0 technologies in sustainable supply 
chain management.

The rest attempt to propose various conceptual frameworks. For example, 
Giordani et al. (2013), Kumar et al. (2020), and D’Aniello et al. (2021) developed 
multi-agent systems (MAS) frameworks for integrated yet distributed operations 
planning. Zhong et al (2013, 2015) and Yaqiong and Lin (2017) developed radio 
frequency identification (RFID) system frameworks for real-time operation planning. 
Bao et al. (2019) and Park et al. (2020) developed DT frameworks in the context of 
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Table 3. Summary of papers about production planning and scheduling in the industry 4.0 context.
Authors Focused areas Impacting frontier Technologies Proposed solutions

(Giordani 
et al.,  
2013)

Distributed manufacturing and 
RMS

Mobile robots MAS

(Zhong et al.,  
2013,  
2015)

Inconsistency between highly 
synchronized information flow 
and unstandardized decision- 
making procedures

RFID RAPShell

(Mourtzis 
et al.,  
2015)

Distributed manufacturing CNC machines Metaheuristics and AI

(Holmstrom 
et al.,  
2017)

Sustainability DDM Implementation roadmap

(Jun et al.,  
2017)

Smart manufacturing by SME IoT, cloud, and big data AIOP

(Legat & 
Vogel- 
Heuser,  
2017)

Field level automation PLC control HiTraP-AT

(Yaqiong & 
Lin, 2017)

Distributed manufacturing RFID Real-time modeling with 
RFID-based HTCPN and 
smart fuzzy engine

(Zangiacomi 
et al.,  
2017)

B2B Mobile application eApps

(Fatorachian 
& Kazemi,  
2018)

System integration Industrial internet, IoT, CPS, 
information network, software 
systems, cloud computing and 
big data analytics

Conceptual framework for 
operationalisation of 
Industry 4.0 In 
production process

(Bao et al.,  
2019)

Production management and 
process control

DT Integrated manufacturing 
information model 
(product DT, process DT, 
and operation DT)

(Khakifirooz 
et al.,  
2019)

Operations control of 
manufacturing facilities of the 
semiconductor

CPS, IoT, cloud computing Literature review from the 
OR&DS perspective

(Tan et al.,  
2019)

Shop-floor assembly process Mobile robots, CPS MAS reinforcement learning

(Cheng et al.,  
2020)

Distributed collaboration Public cloud, private cloud, hybrid 
cloud

Hypernetwork and graph 
coloring based model

(Farooqui 
et al.,  
2020)

Data collection EDA EDA approach for detection 
of deviations in operation 
sequences

(Kumar et al.,  
2020)

Distributed operation planning CPS, IoT, computer optimization 
techniques

MAS

(Park et al.,  
2020)

Operation procedures at work- 
center level

DT Various service-composition 
-based technical 
functionalities

(Chunyang 
et al.,  
2020)

Shared manufacturing CPS, blockchain BSM framework

(D’Aniello 
et al.,  
2021)

Distributed manufacturing CPS, AM MAS in a CM system based 
on AM technologies

(Daqiang 
et al.,  
2021)

Planning, scheduling, execution 
and control

CPS, IoT, DT, cloud computing, and 
computer optimization 
techniques

GiMS with real-time task 
allocation and execution 
mechanisms

(Lee, 2021) Smart manufacturing by SME ICT SEM
(Mohamad 

et al.,  
2022)

Operational efficiency AI, auomatic machinery, IoT, ICT Panel ARDL

(Continued)
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manufacturing. Jun et al. (2017) and Cheng et al. (2020) developed cloud system 
frameworks for distributed and collaborative manufacturing operations. Chunyang 
et al. (2020) developed a blockchain system framework for shared manufacturing. 
Farooqui et al. (2020) developed an event driven architecture (EDA) framework for 
data collection from the factory floor. Holmstrom et al. (2017) developed a roadmap 
for developing and implementing direct digital manufacturing (DDM)-based opera
tional practices. Moreover, Mourtzis et al. (2015), Legat and Vogel-Heuser (2017), 
and Daqiang et al. (2021) developed AI tools for planning, scheduling, execution, and 
control.

4.2. The impact of Industry 4.0 on production environments

The use of Industry 4.0 technologies has brought about significant changes in the 
management of production operations (Daqiang et al., 2021). These cutting-edge tech
nologies have made it easier to manage operations efficiently, increase productivity, 
enhance communication and collaboration, and reduce wastage through lean practices 
(Mohamad et al., 2022; Pansare & Yadav, 2022, 2022; Sharma et al., 2023). The primary 
Industry 4.0 technologies comprise CPS, DT, RFID, cloud technology, collaborative 
robot technology, DDM, EDA, and mobile apps. Together, they create an advanced 
production environment.

4.2.1. Digital twin
DT technology is a key part of CPS. It has gained a lot of attention as a new 
generation technology for modeling, simulation, and optimization. It not only 
provides a simulation platform before production but also works as a real-time 
control platform during production. DT can support advanced control and deci
sion making with less gap through horizontal and vertical integrations (Park et al.,  
2020).

Table 3. (Continued).
Authors Focused areas Impacting frontier Technologies Proposed solutions

(Pansare & 
Yadav,  
2022,  
2022)

RPO CPS, IoT, AI, big data, vitual reality, 
holography, cloud 
manufacturing, autonomous 
robots, 3D scanning, 3D printing, 
biosensors, DT

PFAHP and CoCoSo

(Sharma 
et al.,  
2023)

Sustainable supply chain 
management

AM, robots, augmented reality, 
cloud computing, big data, RFID, 
AI, IoT

FAHP and PROMETHEE

RMS: reconfigurable manufacturing system, RFID: radio frequency identification, RAPShell: RFID-enabled real-time 
advanced production planning and scheduling shell, CNC: computer numerical control, DDM: direct digital manufactur
ing, AIOP: a cloud-based applications’ integration and operation platform, PLC: programmable logic controller, HiTraP- 
AT: hierarchical transition planner for automation technology, HTCPN: hierarchical time colored Petri net, B2B: business 
to business, eApp: engineering apps, OR&DS: operations research and data science, EDA: event driven architecture, 
BSM: blockchain-based shared manufacturing, AM: additive manufacturing, CM: cloud manufacturing, GiMS: graduation 
intelligent manufacturing system, ICT: information and communications technology, SEM: structural equation model, 
ARDL: autoregressive distributed lag, RPO: repurposing production operations, PFAHP: Pythagorean fuzzy analytical 
hierarchy process, CoCoSo: combined compromise solution, FAHP: fuzzy analytical hierarchy process, PROMETHEE: 
preference ranking organization method for enrichment evaluation.
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4.2.2. Radio frequency identification
RFID, based on IoT technologies, assigns a unique digital identifier to individual 
items, connecting the physical and digital worlds. The DTs powered by RFID allows 
for real-time tracking and tracing down to the item level, making it possible to 
capture changes and disturbances at they occur (Yaqiong & Lin, 2017; Zhong et al.,  
2013, 2015).

4.2.3. Cloud technology
Cloud technology enables businesses of all sizes to quickly adapt to Industry 4.0 by 
providing scalable storage space and computing resources. Among the various cloud 
services, software as a service (SaaS) offers standardized applications on line, 
making it a good option for SMEs without IT infrastructure (Jun et al., 2017). 
Cloud technology plays a very important role in the resource sharing system 
(Chunyang et al., 2020). It breaks the traditional habits of producing only within 
an enterprise, and supports distributed collaborations among lots of networked 
enterprises in the ecosystem (Cheng et al., 2020). The trend of resource sharing 
promotes the upgrade from the traditional production-oriented manufacturing 
strategy to a service-oriented one. Rather than relying on inventories to satisfy 
demand, the new strategy suggests a reliance on the production capacity available 
to meet demand.

4.2.4. Robot technology
The use of industrial robots is rapidly increasing in almost all manufacturing industries. 
Collaborative robots contribute to a more dynamic facility layout, which results in a less 
constrained facility where design decisions are postponed to the operational level and 
become reversible options (Giordani et al., 2013). Traditional production planning that 
assumes a permanent facility layout becomes unviable in this case. It requires the 
definition and solution of a complex planning and scheduling problem for this particu
larly flexible layout.

4.2.5. Direct digital manufacturing
DDM is a process that uses technologies such as 3D printing and additive manufacturing 
to convert digital models into physical objects without the need for tooling. It is 
particularly advantageous for small batch production or mass customization. DDM 
offers advantages such as production efficiency and cost reduction. However, if not 
planned and scheduled properly in a factory setting, these benefits may quickly disappear 
(Holmstrom et al., 2017).

4.2.6. Event driven architecture
Handling the vast amounts of data generated by distributed and asynchronous 
systems is beyond the capabilities of traditional data architectures. To address this 
issue, an EDA software design pattern has been developed. This architecture promotes 
the development of systems as a series of loosely coupled events, which has become 
increasingly popular in recent years due to its scalability and flexibility. The EDA can 
be applied to both legacy and modern systems to collect data from the shop floor 
(Farooqui et al., 2020).
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4.2.7. Mobile apps
Mobile devices serve as a bridge between workers and technology. With the help of 
mobile apps, connecting and communicating with AI or IoT becomes effortless, leading 
to an agile, productive, and collaborative environment between humans and machines. 
The design of mobile apps is highly customizable to meet company-specific needs. 
During different planning activities, mobile apps can aid in the dissemination of infor
mation and improve information management for the various decision-makers involved 
(Zangiacomi et al., 2017).

4.3. New trends in production planning and scheduling

Industry 4.0 paves the way for a strategy of mass customization. Companies, especially 
SMEs, should focus on establishing production planning and scheduling systems to raise 
innovative performance (Lee, 2021). In today’s business environment, which is charac
terized by globalization, mass customization, and high demand volatility, uncertainties 
and complexity, planning and scheduling have become increasingly difficult and challen
ging (Mourtzis et al., 2015).

A practical production planning and scheduling method should fulfil the following 
four requirements proposed by Kang and Choi (2010): generality, solution quality, 
computation efficiency, and implementation ease. Unfortunately, most of the production 
planning and scheduling methods developed in the literature are rarely used by the 
industry to solve real-world problems. This is mainly due to two drawbacks: (a) the 
absence of real-time interaction and close-loop feedback mechanisms between physical 
and virtual objects, and (b) the lack of a platform in the dynamic discrete manufacturing 
environment for data transmission and sharing (Bao et al., 2019).

Simulation is a promising technique for handling complex real-world production 
planning and scheduling. With the advent of Industry 4.0, there are new opportunities 
to develop high-fidelity simulations using DTs. However, this also brings new challenges 
to the field of simulation, especially due to the growing complexity of the systems that 
need to be modeled. The main simulation approaches in Industry 4.0 are agent-based 
(Paula Ferreira et al., 2021). A multi-agent system (MAS) is a distributed computer 
system containing multiple intelligent agents that communicate and cooperate with each 
other in the problem-solving process. Each intelligent agent has its own data and knowl
edge and can make its own decisions. The bottom-up structure allocates computational 
resources and capabilities among the agents and does not suffer from the problems 
caused by the computational and communication bottlenecks and the vulnerability of 
system failure that are associated with centralized systems (Giordani et al., 2013). There is 
an increasing interest in addressing the distributed scheduling problem using MAS 
(D’Aniello et al., 2021; Giordani et al., 2013; Tan et al., 2019).

The previous MRP system, which was developed in the 1960s before the widespread 
use of computers, and its successor MRPII, which was introduced in the 1980s, have 
become somewhat outdated. This is because some of the assumptions they were based on 
no longer apply in the current era. Additionally, commercially available ERP or MES 
planning systems and various simulation tools provide centralized approaches for deci
sion-making that are structurally inflexible, and hence not very suitable for leagile 
manufacturing (Kumar et al., 2020). Furthermore, the signal-oriented languages used 
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in classical programming approaches for field automation software require dispropor
tionate effort to ensure the necessary flexibility (Legat & Vogel-Heuser, 2017).

Advanced planning and scheduling (APS) emerges to explicitly support the on-going, 
dynamic nature of planning. Rather than dealing with small parts of the problem 
separately as in the traditional production planning process, APS addresses the whole 
planning problem directly, enabled by modern computing technology. The current 
commercial APS software is based on the HPP model, which consists of two separate 
software components: advanced planning software and advanced scheduling software. It 
needs to work with ERP systems. The APS software is basically a highly customized 
system in a different production context.

5. The proposed integrated production planning and scheduling system for 
Industry 4.0

The shift towards Industry 4.0 poses challenges to the centralized and hierarchical 
decision process. A smart factory featuring autonomous robots and real-time DTs 
needs a more flexible and robust planning and scheduling system, which should be 
based on data-driven intelligence. From the literature review, we see the advantages and 
disadvantages of different methodologies, models, frameworks, and methods. We 
thereby propose the framework of an integrated production planning and scheduling 
system for Industry 4.0, as shown in Figure 3.

The framework focuses on production planning and scheduling at the tactical and 
operational levels. Many previous studies have given similar frameworks; one example is 
illustrated in Figure 2. But few have suggested communication links between the APS and 
existing manufacturing software such as ERP, MES, and MRP. Therefore, the main 
novelty of our proposed framework may be the clear guidance for data and information 
flow as well as the detailed methods (simulation-based optimization, matheuristics 
optimization, and so on), which can offer a conceptual model for further software system 
development.

Figure 3. The suggested production planning and scheduling system for Industry 4.0.
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In Figure 3, the left-hand side is a planning system, and the right-hand side is 
a scheduling system. The left-hand and the right-hand construct a closed-loop system. 
Planning decisions are made based on aggregate forecasts that are estimated from 
scheduling results, while scheduling decisions are made based on real shop floor data 
that is reflected in DT. The left-hand side is pushed by inventory level, hence lean- 
oriented, while the left-hand side is pulled by internal company orders, hence agile- 
oriented. The left-hand side and the right-hand side are decoupled by setting buffers in 
the orders.

Overall, the integrated production planning and scheduling system is a hybrid HPP 
and MPP system within a rolling horizon framework that is applicable to dynamic 
bottom-up decision-making environments. On the one hand, the left-hand side planning 
system links with the right-hand side scheduling system, constructing a two-level HPP. 
On the other hand, the left-hand side itself is an MPP, which consists of a planning 
engine and a surrogate scheduling engine. As explained earlier, the classical HPP system 
is easier to solve yet prone to inconsistency issues in uncertain dynamic systems, while 
the pure MPP system gives planning and scheduling solutions at once but suffers from 
high computational costs and poor scalability. The purpose of using hybridization is to 
make use of the benefits of both HPP and MPP while avoiding their drawbacks.

To save computational cost without sacrificing solution quality, we need to make 
solutions robust and keep calculations fast. To realize the first aim, we design 
a scheduling model in the planning system, which is a surrogate model, to assist the 
planning practice with detailed scheduling data. The surrogate model is a simplified 
approximation of the more complex model, thus making it more amenable for large-scale 
comparative analysis, achieving the second aim. Furthermore, we feed the surrogate 
model with the execution results from the scheduling system to keep it updated. We 
suggest using matheuristics (a hybrid of mathematical modeling and heuristics) to solve 
the left-hand side model, which meets fuzzy data in the forecast of the future, and 
simulation-based optimization to solve the right-hand side model, which encounters 
dynamics and uncertainty on the shop floor.

For real-time scheduling, a mix of domain expertise and ML is proposed. ML has 
several drawbacks, like requiring large amounts of training data and time. Considering an 
APS is bespoke and a factory may not run long enough to accumulate enough training 
data, the ML results may be biased. In the past, researchers have made great efforts to 
improve the prediction performance of ML models. For example, researchers increased 
the number of hidden layers in an ANN to improve its accuracy. However, as the model 
becomes ‘deeper’ and ‘darker’, it becomes even more difficult for practitioners to trust the 
model’s recommendations. Integrating domain knowledge into the ML models improves 
the model’s interpretability. And interpretability is a useful debugging tool for detecting 
bias in ML models.

6. Conclusions and future research directions

In view of the impact of frontier technologies on production environments, this paper 
makes an effort to review and analyze the state-of-the-art research on relevant 
domains with the aim of identifying the most promising production planning and 
scheduling methods for Industry 4.0. We conducted parallel searches in two domains: 
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methods (integrated production planning and scheduling under uncertainty) and 
implementation (production planning and scheduling in Industry 4.0). Through 
a structural filtering process, we selected some published research literature for 
a full text review. The literature review identified trends in production planning 
and scheduling during the course of digital transformation. Based on the review 
results, we ultimately proposed the framework of an integrated production planning 
and scheduling system for Industry 4.0.

The proposed system is a hybrid HPP and MPP system. From theory to practice, the 
following two areas deserve a more detailed study:

6.1. Smooth system integration

Bao et al. (2019) suggested future research on continuous and online interaction between 
physical and virtual spaces. Kang and Choi (2010) suggested future research on an 
effective integration of the centralized approach with distributed MAS. And 
Fatorachian and Kazemi (2018) suggested future research on interoperability among 
heterogeneous hardware and software entities.

6.2. Intelligent data analysis in big data

Fatorachian and Kazemi (2018) suggested future research on intelligent algorithm 
development for big data analysis. Khakifirooz et al. (2019) suggested future 
research on simulation-optimization methods that make use of real-time manufac
turing data. Mourtzis et al. (2015) suggested future research on the discovery of 
innate characteristics of a production system. And Zhong et al. (2013) suggested 
future research on APS development for highly synchronized information flow in 
job shops.

In this review paper, we answered the following three research questions: ‘What is the 
state-of-the-art on integrated production planning and scheduling?’, ‘What are the trends 
in production planning and scheduling in light of the emerging frontier technologies?’, 
and ‘How would the production planning and scheduling system be like in the Industry 
4.0 context?’ in Sections 3, 4, and 5, respectively. In the future, we will develop our 
proposed integrated production planning and scheduling system for industrial practice.
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