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Abstract

The demand for customer-specific product variants leads to a shift to job shop production, in which order scheduling takes a
mayor role to increase logistical target values without ad-hoc interventions into the running production. Agent applications, e.g.
combinations of reinforcement learning (RL) and simulation, are promising solutions to solve the scheduling problem. This paper
designs a methodology for automating the order release decision of real production scenarios by applying a RL agent, which has
been trained on an application-specific simulation model. By an integrated validation unit the performance can be measured

against known order release strategies.
© 2022 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the International Programme committee of the 55th CIRP Conference on Manufacturing Systems

Keywords: Reinforcement learning; order release; simulation; job shop production; scheduling

1. Introduction

Today’s production management faces the challenge to
meet changing customer requirements regarding a growing
individualization level and general sensitivity for logistical
service levels [1]. In production, the increasing number of
individual product variants results in smaller batch sizes and a
more flexible job shop production [2]. By using a job shop
production, a high flexibility with regard to the quality of
specific customer requirements as well as the varying quantity
caused by order fluctuations can be fulfilled [3]. This change
leads to increased demands concerning production planning
and control (PPC) [4] to achieve the logistical target values, e.g.
short throughput times and high utilization rates [5], and at the
same time to keep margin for disposition [6].

A mayor lever is the order release, assigning available
resources and capacities in the production to specific orders and
form a short-term production schedule based on determined
rules [7]. Key elements to be considered are a list of generated
orders and work plans including corresponding machines and
lead times as well as batch sizes of each order [5]. In order to
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reduce ad-hoc interventions in dynamic systems, production
changes must be constantly considered [8]. To meet these
requirements in production environments that are reacting to
the ongoing mass customization trend, new dynamic methods
of scheduling are required [9]. Scheduling methods based on
reinforcement learning (RL) that allow a constant
reconsideration of the current status and deciding on the orders
to be released next might be a promising field of research [10].

Therefore, this paper proposes a methodology to automate
the order release process by using a RL agent and integrating
near real-time feedback data from the production. The focus on
order release will reduce efforts for ad-hoc control
interventions and using the real production status as planning
base will increase the planning capability. This paper is
structured as follows. The next section provides background
information on the area of consideration. Section 3 gives an
overview of related research approaches and discusses them on
the basis of currently existing challenges in order release.
Based on that, section 4 proposes the approach for an
automated order release methodology and the conclusion as
well as a further research direction is given in section 5.
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2. Background

In this section, the foundations necessary for understanding
the role of order release within the tasks of PPC and methods
used in the proposed approach for solving the scheduling
problem are established.

2.1. Role of order release in production control

The correct application of production control strategies
determines the fulfillment of the logistical target values,
shortening throughput time, reducing inventory, increasing
capacity utilization and increasing adherence to delivery date
[11]. However, due to a high interdependency of these targets,
it is not possible to define a simultaneous optimum for all target
values [12]. For example, reducing inventory may lead to a
reduction in capacity utilization and therefore to a decreased
performance level. Production control contains four specific
tasks (see Fig. 1).
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Fig. 1. Task of production control [12]

The start is a production plan filled by the order generation.
Based on the capacity control, the task of order release feeds
orders to be produced into the production. For each working
system, the task of sequencing determines the sequence in
which waiting orders are processed.[12].

Within production control, the order release marks the point
from which an order is ready to be produced [6]. Therefore, it
is considered as a “critical decision point” [13] at which
production control at the shop floor starts. Order release
consists of the two parameters order timing and selection
decision [14]. Basically, four different criteria can be
distinguished to approach the task of order release [12]:

Immediate order release directly after order generation
Order release as soon as the planned start date is reached
Inventory-controlling order release with a certain value
Work system load order release with an expected load

To assist the production planner, a wide range of software
systems have been introduced using and combining different
approaches [11]. These systems build a production schedule on
basis of several input data, e.g. master production schedule, bill
of materials, material inventory levels, lead times and batch
sizes [15]. Leading systems for this purpose are enterprise
resource planning (ERP), manufacturing execution systems
(MES) and advanced planning and scheduling systems (APS).

APS systems can reduce the gap between planned and actual
production schedule, but the procedure is still based on
software-specific assumptions and the degree of integration
into the planning processes [16].

2.2. Introduction to the job shop scheduling problem (JSP)

In literature, solving the described production control tasks
of order release and sequencing in a job shop production is well
known as the job shop scheduling problem (JSP) [9, 17]. The
JSP is considered to be part of the hardest combinatorial
optimization problems and has proven to be NP-hard [18].
Typically, the following assumptions are made [19]:

¢ One machine of each type in the shop

e One operation at a time on each machine and on any job

e An operation of a job can be performed by just one
machine

e An already started job can’t be interrupted

o The next operation of a job can be started after completing
its preceding operations

e No alternative routings for a job

e Each machine is continuously available for production

e No restriction on queue length before any machine

2.3. Use of reinforcement learning in the JSP

Reinforcement learning is a machine learning method that
has proven to be a suitable approach for determining a solution
strategy for highly demanding applications without requiring
expert knowledge — simply by direct interaction with the
environment and decision making through "trial and error" [20,
21]. In recent years, a lot of attention has been paid to apply RL
to PPC in order to obtain more robust solutions in an
environment where unpredictable and unplanned machine
downtime is common [22].

RL is based on the interaction of an agent with its
environment. For each time step, the agent performs an action
based on the state of the environment and depending on the
changed state receives a specific reward [23]. In addition to a
dynamic environment that must be observable by the agent, RL
problems require a reinforcement and value function defining
the policy of actions to perform and the value of rewards to be
received [24]. With this problem formulation, the agent tries to
maximize the sum of rewards gotten from its actions in order
to solve the stated problem [25]. To apply this principle, the
problem needs to be modeled as Markov Decision Problem
assuming that the achievement of future states only depends on
the present state and action [26].

The decision process requires a simulation model that
represents the behavior of the production sufficiently
accurately and that can interact with the agent, because it is not
applicable to perform this in a real production environment due
to economic and time constraints [27]. Discrete-event
simulation is used to model the production environment, which
depicts a sequence of events representing actions performed on
orders [28]. Simulation-based approaches can increase
prediction accuracy by including production-specific
characteristics as well as realistic processes [29].
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3. Related work

This section reviews current work on the job shop
scheduling problem by especially considering the task of order
release. The related work is classified based on the methods
used with a special focus on meta-heuristics, because the
proposed approach in this paper using a RL agent relates to it.

3.1. Order release in the job shop scheduling problem (JSP)

In recent years, many authors addressed the JSP with focus
on either order release, sequencing or both [10]. A mayor
research direction focuses on the task of order sequencing (or
dispatching), where decentralized decisions are made to
optimize the system according to each arising queue at each
machine [8, 9, 30]. Here, different sequencing rules are used
and compared to each other [19]. At the same time, the lever of
an advanced order release strategy is addressed in fewer recent
approaches, but becomes especially useful for a high-variety
and low-volume production [31, 32].

A specific challenge in order release is the nonlinear
relationship between resource utilization and throughput time,
which leads to the fact that it is hardly possible to specify an
exact completion date at the moment of order release [33]. By
dynamically optimizing the task of order release, the necessity
for ad-hoc interventions through dispatching rules to meet the
logistic target values decreases [34]. Some approaches
especially focus on the order release to achieve a small overall
make span or high adherence to delivery dates [10, 33, 35].

To overcome challenges from industrial practice by
applying a new order release strategy, the proposed approach
in this paper cope with four mayor challenges:

e Comprehensive consideration of the relevant inter-
relationships and influencing factors of a real production

e Acquisition of feedback data for dynamic reaction to
malfunctions and order changes

e Enabling a multidimensional objective function and
adherence to delivery date as boundary constraint

e Applicability of the methodology to the order release of a
practical job shop production

Three different main methods can be classified for solving
scheduling problems, which are presented in the following
paragraphs [9]: Exact methods with mathematical modeling,
heuristics as well as meta-heuristics involving artificial
intelligence (Al) [36].

3.2. Exact methods

Since the problem has got a broad attention in research,
mathematical modeling has been applied [37], e.g. integer
programming [38] and mixed integer programming [39]. The
use of exact methods is limited by computational requirements
as the problem counts as NP-hard. However, this can be
overcome by more advanced approaches, e.g. decomposing the
problem into smaller instances, branch-and-bound, Lagrangian
relaxation and by making use of modern computational
performance [37]. Therefore, research is being conducted using

exact methods until today [9, 40]. Nevertheless, finding exact
solutions for optimization problems is limited to a certain
complexity level and therefore practical production sizes are
difficult to depict.

3.3. Heuristics

Instead of computing an exact solution upfront or release
orders into the production directly after their generation,
several heuristics have been developed to effectively improve
the production performance [34]. Heuristics allow for a
significant reduction in complexity and hence, on a basic level,
compete with generalized software solutions and mathematical
models [37].

Two simple and very common heuristics for order release
used in practice are constant work in process (Conwip) and
load-oriented order release [12]. Conwip is based on the
inventory regulation by linking the production input and
output. Orders are released whenever the production inventory
level falls below a planned value. In the load-oriented
approach, an order is released when the inventory limit has not
been exceeded at any of the work systems through which the
order will pass. In contrast to Conwip, the procedure does not
always include the orders with the full order time to the stock
accounts of the work systems. [12]

With regard to the formulated challenge of comprehensively
considering the relevant interrelationships and influencing
factors of a real production, heuristics try to find general rules
rather than considering a specific production environment and
hence are not further considered in this paper.

3.4. Meta-heuristics including learning-based systems

The already presented methods have been extended by
meta-heuristics, genetic algorithms and learning-based systems
in order to solve the complex problems more effectively [37].
Many current research approaches already extend the known
meta-heuristics by adding Al to their methods [36].

[33] propose an adaptive order release mechanism to specify
order release times using RL. The approach meets the focus of
applying RL to the task of order release, but aims for solving
the problem in a flow shop with different constraints compared
to these of a job shop problem, e.g. alternative routes for each
specific product. For solving the scheduling problem in a job
shop regarding more than one objective, [41] developed a
variable neighborhood search algorithm, that wuses
decomposition techniques to obtain near-optimal sequences of
performing the operations and generating a schedule. This
approach does not include, re-scheduling based on a constantly
changing situation in production and hence does not meet the
requirement of including feedback data from the production.

A real-time scheduling of a large number of tasks has been
introduced in the course of the corona crisis by [35] using an
end-to-end neural network trained by reinforcement learning
using negative total tardiness in the reward function. In this
approach, real-time scheduling is achieved for a practical
production size, but just one optimization objective is
considered.
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A solution for handling unforeseen events was introduced
by [42] as a basic approach towards real-time disruption
management strategies, that is able to manage dynamic
conditions while keeping cost effectiveness, product quality
and adherence to delivery date. The authors integrate a
schedule state simulator with rescheduling knowledge stored in
a deep Q-network, that is trained with reward to a goal schedule
state. Here, it remains unclear if the method can be transferred
to a job shop production. A hybrid Deep Q Learning (DQN)
training method with real production data is proposed by [10]
in order to solve practical production problems combining an
initial python-based training instance in SimPy with a further
training instance using an interface to the commercial software
Plant Simulation. This approach shows how to combine
performant and scalable training methods using python with
detailed status information using advanced simulation
software. While the practical reference becomes clear, it is not
yet scaled-up to a representative problem instance and the
second training step proposed in the hybrid approach has not
yet been validated.

The review of the literature presented shows that newly
introduced approaches that combine mathematical techniques
and simulation with learning-based systems such as RL are able
to solve the JSP in an effective way. However, the authors
agree that space for improvement remains in different
dimensions: A demand for a strengthened collaboration and
integration of different PPC methodologies into one application
as well as a more practical guide for implementing current
research approaches into a real production are prospected [11].
Still not solved to a sufficient grade is the need for quick
decision support in the PPC with respect to dynamic production
state changes [8]. Therefore, the requisite for a higher
integration of near real-time feedback data from the production
into the planning and control continues to gain importance [6].
Also, many approaches to solve the JSP focus on dispatching
strategies, while fewer make use of the advantages lying at the
beginning of production at the time of order release. Also, the
applicability to a real-sized job shop production has not been
shown in many cases.

4. Application of automated order release
This section presents a methodology for automating the

order release process by using a RL agent and near real-time
production data to solve the JSP (see Fig. 2).
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Fig. 2. Setup for the implementation of an automated order release system

In a first modeling step, a simulation model (1) is used to
dynamically represent the status of a production system by
modeling the production process and output feedback data.
Second, in the training phase (II) a RL agent is trained by
interacting with the simulation model to derive a control
strategy for order release. In the third application and
validation phase (III), the trained agent is implemented on a
server to control the order release process of a real production
process via simulation interface. This setting in a final step can
be used for comparing and validating different scenarios
against each other.

4.1. Model

The model used in the training phase is implemented in
SimPy as a custom-made python simulation to quickly
communicate with the agent implemented in python as well.
Although this is a simplified simulation model, specially
designed for this application, the basic requirements are to
depict the available production workstations, the shift model,
the machine status and capacities and order information e.g.
work plans, remaining operation times and order progress. In
addition, influencing factors of a real production such as
downtimes can be considered.

During the training phase, a simplified python simulation on
a local computer is sufficiently precise and fast, in the
application phase the simulation model must be synchronizable
with real production data and hence must be accessible on a
server. In addition, to guarantee modeling the production
functionality as real as possible, a more detailed model in Plant
Simulation is used. This simulation software constitutes an
industry standard with advanced modeling and automation
possibilities, which is important for an effective use in practice
especially when the synchronization with a real production is
planned. This is done by a set of feedback data that is
exchanged with the model by using automated file updates or a
shared data base of the ERP/ MES and the simulation model.

Based on this setting, if there is a change of the considered
production system both simulation models — in SimPy and
Plant Simulation — have to be adapted, because an agent can
only perform correct strategies, if it has been trained with the
system at hand.

4.2. Training

The described simulation model serves as the training
environment which a RL algorithm interacts with. The exact
RL method must be chosen on basis of the problem size and the
considered scheduling horizon. Related works show the DQN
training method has proven to be a suitable approach [10, 43].

The training requires historical data that in combination with
the simulation model represents the functionality and common
product program of the production. In the step-by-step training
phase, the RL algorithm releases an order from the inserted list
of generated orders into the simulated production environment
and gets a reward based on the reinforcement and value
function. Developing these exact functions will be a key
component in terms of speed and scalability of the proposed
approach. Through a multi-dimensional objective function the
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adherence to delivery date as well as the throughput time will
be optimized. For each time step of the interaction, the agent
receives a reward and takes the next action based on the
observed status of the system. During the method development,
the parameters of the algorithm have to be iteratively adapted
to create suitable results and to improve the practicability to be
implemented in a real production environment.

4.3. Application and validation

Finally, the described two steps of modeling and training are
combined into an automated methodology able to efficiently
control the complex task of order release in a job shop
production. Therefore, the simulation model in Plant
Simulation serves as the correspondent production
environment for the then trained agent. The communication
protocol is based on the state message logic proposed by [10].
The simulation can be used alone or integrated with near-real
time data from a real production. In this case, the already
mentioned data is required, e.g. work plans, current machine
information, current order information and current list of
generated orders.

In the application phase, the RL agent acts on basis of the
strategy derived from training in order to meet the required
logistical target values addressed in the objective function
adherence to delivery date and throughput time. According to
this strategy, the agent releases the most suitable orders from a
constantly updated list of orders with specific information on
the delivery date and order type.

To achieve a fully automated process of order release the
developed communication interface between agent and
simulation is not sufficient but needs to be complemented by
an online application, which calls the agent and triggers the
task. Moreover, with this instance different scenarios can be
compared and validated according to the logistic target values.
By setting up the required simulation parameters, further
scenarios can be created in the application instance, which are
then executed either through the agent’s release strategy or by
choosing a common heuristic such as Conwip.

5. Conclusion and further research

This paper elaborates on the importance of order release and
compares current approaches to the JSP with four established
challenges that keep remaining in that domain: Consideration
of specific production parameters, integration of feedback data,
enabling a multidimensional objective function and
applicability to a practical job shop production.

The proposed approach includes the automation of the order
release task by combining industrial-grade simulation with a
RL agent. In the training phase, the RL agent interacts with a
simplified discrete-event simulation in order to quickly derive
a strategy optimizing the order selection and timing. This
trained agent is then applied to a more detailed production
simulation to release orders based on the learned policy that
tries to optimize the adherence to delivery date and throughput
time. It is automated by the overlying online application.

In order to implement this automated order release
application, the RL algorithm as well as the simulation model

have to be developed based on the requirements of the order
release process. Therefore, parameters and the value function
defining the RL algorithm have to be specified in order to fulfill
the specified logistical target values able to outperform current
approaches. To apply the method to a real production
environment, especially the feedback data requirements need
to be investigated in order to integrate these into the
corresponding simulation model. Finally, as a production
environment dynamically changes over time, at a certain point
it might be required to reiterate the training phase in order to
cope with the current production and keep the agent up to date.
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