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Abstract: In an increasingly complex production environment, production scheduling is more
critical than ever to ensure productivity and profitability. Generally treated as an optimization
problem, production scheduling faces a gap between theory and practice, but tacit knowledge on
the shopfloor can influence production sequencing and scheduling. Recurrent neural networks
(RNNs) are known for their ability to extract useful information from the sequential context.
Seq2Seq architecture using RNNs, and specifically Long Term Memory Cells (LSTM), is known
for its ability to predict discrete event sequences from sequential context. We propose a six-step
methodology based on a Seq2Seq-LSTM architecture to predict the most likely scenarios used
by the production manager to sequence the production, considering the actual state of the shop
floor. This prediction allows the evaluation of a finite number of plausible scenarios based on past
production experiences. This approach aims to bridge the gap between theoretical and practical
scheduling since the historical data include the tacit knowledge present on the shopfloor.
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1. INTRODUCTION

Today’s manufacturing environment is torn between cost
reduction and mass customization (Womack et al., 2007).
In this context, production scheduling is becoming even
more critical to the profitability and productivity of com-
panies (Cadavid et al., 2020; Guzman et al., 2021). In
general, the scheduling problem is considered to be an
optimization problem. Depending on the nature and com-
plexity of the problem considered, different techniques
are used. Mathematical programming can be useful to
determine the optimal solution when a pure allocation
problem is addressed (Baker and Treitsch, 2019). However,
scheduling problems are known to be NP-Hard, which
means that an optimal solution may not be found (Baker
and Treitsch, 2019; Guzman et al., 2021). In these cases,
simulation procedures, heuristic approaches and even com-
binatorial techniques can be used (Baker and Treitsch,
2019). Unfortunately, a gap still exists between theoretical
and practical scheduling (Fuchigami and Rangel, 2018).

The goal of the present article is to propose a methodology
to predict the most likely scenarios used by the produc-
tion manager for sequencing production, considering the
actual state on the on the shopfloor. This prediction will
allow the evaluation of a finite number of plausible scenar-
ios based on past production experiences. This approach
aims to bridge the gap between theoretical and practical
scheduling, since historical data takes into account tacit
knowledge present on the shop floor. This approach could
be used within a digital twin to simulate the effects of

⋆ We thank IVADO, PROMPT and FRQNT for their support.

different predicted scenarios on production, or in reactive
scheduling in order to consider the different scheduling
options in case of an event disrupting the production line.

A brief overview of production scheduling can be found in
section 2. The proposed methodology is detailed in section
3, and it is applied to a case study in section 4.

2. STATE OF THE ART

2.1 Scheduling and sequencing

Production scheduling is defined by Fuchigami and Rangel
(2018) as both an activity and a decision-making process
that aims to optimize multiple objectives by choosing the
best option to perform jobs on a time basis, despite scarce
resources and a complex environment.

Production scheduling can be described as a two step
problem (Baker and Treitsch, 2019; Fuchigami and Rangel,
2018; Mehrsai et al., 2017). First, the sequence of tasks
must be determined. Then the starting dates of those tasks
is determined. Those two processes are respectively named
sequencing and scheduling. Initially treated as a com-
binatorial optimization problem, the scheduling problem
is solved by a multitude of metaheuristic algorithms, arti-
ficial intelligence (AI) methods such as neural networks or
simulation (Jiang et al., 2021). The objective is generally
to find the optimal or close to optimal solutions by the use
of a combination of exact and non-exact methods. Several
measures of performance may be used: makespan, flow-
time, earliness and so on (Guzman et al., 2021; Fuchigami
and Rangel, 2018). Recent studies show a great potential
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CP 6079, succursale Centre-Ville, Montréal, Québec, Canada
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ambre.dupuis@polymtl.ca, camelia.dadouchi@polymtl.ca, bruno.agard@polymtl.ca

Abstract: In an increasingly complex production environment, production scheduling is more
critical than ever to ensure productivity and profitability. Generally treated as an optimization
problem, production scheduling faces a gap between theory and practice, but tacit knowledge on
the shopfloor can influence production sequencing and scheduling. Recurrent neural networks
(RNNs) are known for their ability to extract useful information from the sequential context.
Seq2Seq architecture using RNNs, and specifically Long Term Memory Cells (LSTM), is known
for its ability to predict discrete event sequences from sequential context. We propose a six-step
methodology based on a Seq2Seq-LSTM architecture to predict the most likely scenarios used
by the production manager to sequence the production, considering the actual state of the shop
floor. This prediction allows the evaluation of a finite number of plausible scenarios based on past
production experiences. This approach aims to bridge the gap between theoretical and practical
scheduling since the historical data include the tacit knowledge present on the shopfloor.

Keywords: Industry 4.0, production scheduling and sequencing, sequence prediction, LSTM.

1. INTRODUCTION

Today’s manufacturing environment is torn between cost
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more critical to the profitability and productivity of com-
panies (Cadavid et al., 2020; Guzman et al., 2021). In
general, the scheduling problem is considered to be an
optimization problem. Depending on the nature and com-
plexity of the problem considered, different techniques
are used. Mathematical programming can be useful to
determine the optimal solution when a pure allocation
problem is addressed (Baker and Treitsch, 2019). However,
scheduling problems are known to be NP-Hard, which
means that an optimal solution may not be found (Baker
and Treitsch, 2019; Guzman et al., 2021). In these cases,
simulation procedures, heuristic approaches and even com-
binatorial techniques can be used (Baker and Treitsch,
2019). Unfortunately, a gap still exists between theoretical
and practical scheduling (Fuchigami and Rangel, 2018).

The goal of the present article is to propose a methodology
to predict the most likely scenarios used by the produc-
tion manager for sequencing production, considering the
actual state on the on the shopfloor. This prediction will
allow the evaluation of a finite number of plausible scenar-
ios based on past production experiences. This approach
aims to bridge the gap between theoretical and practical
scheduling, since historical data takes into account tacit
knowledge present on the shop floor. This approach could
be used within a digital twin to simulate the effects of
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different predicted scenarios on production, or in reactive
scheduling in order to consider the different scheduling
options in case of an event disrupting the production line.

A brief overview of production scheduling can be found in
section 2. The proposed methodology is detailed in section
3, and it is applied to a case study in section 4.
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Production scheduling is defined by Fuchigami and Rangel
(2018) as both an activity and a decision-making process
that aims to optimize multiple objectives by choosing the
best option to perform jobs on a time basis, despite scarce
resources and a complex environment.

Production scheduling can be described as a two step
problem (Baker and Treitsch, 2019; Fuchigami and Rangel,
2018; Mehrsai et al., 2017). First, the sequence of tasks
must be determined. Then the starting dates of those tasks
is determined. Those two processes are respectively named
sequencing and scheduling. Initially treated as a com-
binatorial optimization problem, the scheduling problem
is solved by a multitude of metaheuristic algorithms, arti-
ficial intelligence (AI) methods such as neural networks or
simulation (Jiang et al., 2021). The objective is generally
to find the optimal or close to optimal solutions by the use
of a combination of exact and non-exact methods. Several
measures of performance may be used: makespan, flow-
time, earliness and so on (Guzman et al., 2021; Fuchigami
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A brief overview of production scheduling can be found in
section 2. The proposed methodology is detailed in section
3, and it is applied to a case study in section 4.
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Production scheduling is defined by Fuchigami and Rangel
(2018) as both an activity and a decision-making process
that aims to optimize multiple objectives by choosing the
best option to perform jobs on a time basis, despite scarce
resources and a complex environment.

Production scheduling can be described as a two step
problem (Baker and Treitsch, 2019; Fuchigami and Rangel,
2018; Mehrsai et al., 2017). First, the sequence of tasks
must be determined. Then the starting dates of those tasks
is determined. Those two processes are respectively named
sequencing and scheduling. Initially treated as a com-
binatorial optimization problem, the scheduling problem
is solved by a multitude of metaheuristic algorithms, arti-
ficial intelligence (AI) methods such as neural networks or
simulation (Jiang et al., 2021). The objective is generally
to find the optimal or close to optimal solutions by the use
of a combination of exact and non-exact methods. Several
measures of performance may be used: makespan, flow-
time, earliness and so on (Guzman et al., 2021; Fuchigami
and Rangel, 2018). Recent studies show a great potential

in production scheduling by using Neural Networks (NN)
to solve the above mentioned optimization problem (Park
et al., 2021; Ribault et al., 2021).

For Mehrsai et al. (2017), sequencing is based on inherent
production parameters such as processing times or depen-
dent setup times. As mentioned by Philipoom and Steele
(2011), these parameters should not be assumed, as is gen-
erally the case in the simulation-based shop floor control
literature, to be extrinsic to the context. The sequence of
orders and the active role of workers have a significant
influence over a shop’s production or efficiency. “Often,
it is the worker or supervisor who has the knowledge,
developed through years of hands-on experience, which
management and their information systems do not share
but which must be used to schedule work efficiently”
(Philipoom and Steele, 2011). Hence it is important to
consider tacit knowledge in production scheduling and
sequencing, as is already the case in manufacturing supply
chain management (Al-Mutawah et al., 2009) or in the
analysis of the innovation culture of companies (Nonaka
and Takeuchi, 1995). Therefore, decision makers should
exploit data collected from past production logs as it con-
tains workers’ expertise as well as information about the
production context. However, this is not yet the case, since,
as Fuchigami and Rangel (2018) highlighted, there is a lack
of studies using actual data collected by manufacturing
companies’ information systems. This may partly explain
the gap between scheduling theory and practice.

2.2 Recurrent neural networks

Rafiq et al. (2001) define NN as ”artificial intelligence tools
capable of learning and generalizing from examples and
experiments to find meaningful solutions to problems”.
There are different types of NN such as artificial neural
networks (ANN), convolution neural networks (CNN) and
recurrent neural networks (RNN).

For (Bengio et al., 1994), RNNs are a specific type of
NN able to handle sequences while taking into account
contextual information in a flexible way. They are widely
used to process sequential data as well as time series
in order to predict and classify context-related events in
different contexts (Fei and Tan, 2018). However, RNNs
suffered from learning difficulties due to known phenomena
such as vanishing and exploding gradients (Bengio et al.,
1994). Hochreiter and Schmidhuber (1997) proposed Long-
Short Term Memory (LSTM) as an RNN that is able to
deal with such phenomena with its internal architecture.
LSTM is now one of the most widely used RNNs.

The RNN auto-encoder architecture is used to answer se-
quence to sequence (Seq2Seq) prediction problems (Chujie
et al., 2019). It is based on the coupling of an encoder
model consisting of a layer of nr RNN cells and a decoder
model also consisting of nr RNN cells associated with a
dense layer. Known sequences are fed by an inputs layer
to the encoder model. The encoder model outputs a vector
context representative of the context proposed by the
input sequences. This context vector is then fed to the
decoder model as an input to predict a plausable future
sequence based on the proposed context. To help train
the model, the Teach forcing method can be used (Yaser
et al., 2020). The principle is to correct the model at each

step of the prediction in order to limit the propagation of
errors in the predicted sequence. A set of DTI is generated
to compare the predictions of the model with the real
observed values, and the correction is made by comparing
the predicted value at time t (st) with the value actually
observed at time t (DTIt+1).

To reduce the gap between scheduling theory and practice,
the tacit knowledge of the production floor should be
considered to propose plausible solutions. Considering that
LSTMs are known to extract useful information from
sequential data and that the Seq2Seq architecture predicts
plausible sequences of events based on the sequential
context, we propose a six-step methodology that is based
on the analysis of production histories. It uses the Seq2Seq-
LSTM algorithm to determine the most likely scenarios
chosen by experienced workers in a specific production
context. These scenarios could then be used in a simulation
model to evaluate and select the most effective of the
plausible scenarios based on business priorities.

3. METHODOLOGY

Figure 1 depicts the methodology proposed to predict
plausible sequencing choices in a given production context.

Fig. 1. Proposed methodology

(1) Data preparation aims to format the data accord-
ing to the requirements of the RNN prediction model.
Since the demand, the production log and the compo-
nent inventory are information that influence the choice
of production sequencing, they will be used as contextual
information for the model. The importance of each piece of
information on the production sequences can be evaluated
by varying the information in the prediction model and
observing the effects of this variation on the performance
of the model (step 6). Data preparation includes the man-
agement of missing data and the modeling of sequences us-
ing two hyperparameters nin (size of the context sequence)
and nout (size of the sequence to be predicted). The se-
quences are then transformed into encoded and normalized
matrices. Finally, the data is divided into a training set and
a test set for the next steps of the methodology. The labels
of the training set are used to generate the DTI dataset
used in the teach forcing training.

(2) Definition of the RNN model. A Seq2Seq archi-
tecture using single layer LSTM cells and a teach forcing
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training method is chosen. As explained in section 2.2, this
kind of architecture assumes the definition of a minimum
of 5 layers, namely: two input layers (one for the input data
and one for the teach-forcing input), an LSTM layer for
the encoder and an LSTM layer as well as a dense layer for
the decoder. As the production sequencing problem uses
three separate input data (demand history, production log
history and component inventory history), the architecture
of the model is defined in Table 1.

Table 1. Architecture’s layers and parameters

Layer Used for Parameter Value

Input

Demand
# Steps for prediction
# Elements

nin

∥P∥

Production log
# Steps for prediction
# Elements

nin

∥P∥+ 1

Component
# Steps for prediction
# Elements

nin

∥W∥

Teach forcing
# Steps to be predicted
# Elements

nout

∥P∥+ 1

LSTM
Encoder # Neurons nr

Decoder # Neurons nr

Dense Decoder # Elements ∥P∥+ 1
With # standing for ”Number of”

∥W∥ is the number of unique components present in
the component inventory dataset. ∥P∥ is the number of
unique products manufactured by the company (product
catalog). nin, nout and nr are hyperparameters chosen
arbitrarily for the NN. Figure 2 represents the NN layout.
A third dimension is added to the input layers to represent
the number of examples present in each data set. This
dimension can vary, so it is set to the ”None” value.

Fig. 2. Proposed architecture

With the model architecture defined and the data pre-
pared, (3) Training of the RNN model can be per-
formed. This supposes the definition of the loss function
(compared to the predict labels ypred to the real labels
ytrain) as well as the metric to measure the performance
of the model. It also assumes the definition of an optimizer,
allowing the loss function that was previously defined to be
minimized. Then, the model is trained using the training
data set. The DTI dataset is used as an input to the

LSTM (decoder) layer (Figure 2). At each time step t,
the prediction is based on the actual value that should
have been predicted at the previous time step t-1. This
method, known as teach forcing, allows for the learning
of the model to be faster and more accurate, limiting the
propagation of errors in time. The output of the trained
model is, for each record, a matrix of size (nout × ∥P∥+1)
constituted of the probability vectors of occurrence of
each product Pi at each time step in ∥nout∥. Then, a
BeamSearch algorithm is used to determine the N most
probable ∥nout∥ sequences of products (Top-N), with a
BeamScore to quantify the prediction. Finally, production
constraints may be implemented.

(4) Definition of production constraints consists of
a set of constraints defined by decision makers to manage
occasional or recent changes that may have an impact on
production. They can be formulated in different ways, such
as linear programming (equation 1) or association rules.
For example, a transition between products X and Y can
be penalised or encouraged using, respectively, a positive
or a negative rate Z, such as:

If X → Y Then penality = Z% of BeamScore (1)

This set of constraints is easy to modify and allows greater
flexibility to incorporate changes in policy and production
strategies. These rules will be combined with the predicted
scenarios proposed by the RNN models (5).

(5) Forecast of the next x products to be processed:
constraints defined in (4) are applied to each of the N
proposed scenarios obtained using the trained model from
step (3) on the test set. A ”compliance score” is computed
for each scenario according to the certainty of the RNN
model (BeamScore) and the adequacy of the considered
scenario with the production constraints. The scenarios
are then ranked by their ”compliance score” leading to an
ordered list calledTOP-N of the N most probable product
sequences for the period n+1 to n+x.

(6) Evaluation of the model performance. Top-N
metrics often used in recommender systems (Ren et al.,
2013) are used to evaluate the model. It evaluates ”the
percentage of known relevant items in the test set ytest
that appear in the first N predicted items ypred” (Herlocker
et al., 2004). The percentage of information contained in
an item in the list of the first N items can also be measured.
Cremonesi et al. (2010) calls these performance measures
Recall(N) and Precision(N) (see equations 2).

Recall(N) =

∑|ytest|
k=1 TPk

|ytest|

Precision(N) =
Recall(N)

N

(2)

With :

|ytest| = number of records in ytest

TPk =

{
1 If ytestk ∈ Top−Nk

0 Else

N = Number of considered scenarios

4. CASE STUDY

A simplified production batches sequencing problem is
used to exemplify the proposed methodology. Consider

a workshop made of one machine M and whose prod-
uct catalog P contains 4 items such as P={A,B,C,D}.
These products are themselves derived from 4 components
W={s,t,u,v}. It should be noted that the machine M can
only produce one type of product Pi at a time.

The production manager is responsible for the sequencing
of the jobs to be performed on machine M . As shown in
the example below, the machine’s production log records
the type and quantity of products processed each day and
the sequence in which the processing is done.

Production history of the machine M :
• Day 1 : C=3 ; A=4 ; D=6 ; B=3 ; A=10 ; STOP ; C=1

• Day 2 : D=8 ; B=5 ; STOP ; C=2 ; C=3 ; A=3 ; D=2

• ...

The objective of the study is to forecast the future pro-
duction sequences most likely to de proposed by the
production manager. These scenarios will then be used
as inputs to a simulation model allowing the calculation
of the different performance indicators that will help in
the final scheduling decision. Using past experience and
simulation to determine the best sequencing scenario based
on different key performance indicators allows for the
consideration of habits and non-explicit rules that govern
the company’s production. This will help bridge the gap
between sequencing theory and practice.

4.1 Data preparation

To fulfill the above objective, the production history,
the ”net” demand history and the component inventory
history are available. Tables 2, 3 and 4 represent this
information for the example presented above. Each period
refers to a production order.

Table 2. Production log

Period
Day

1 2 3 4 5 6 7

1 C = 3 A = 4 D = 6 B = 3 A = 10 C = 1

2 D = 8 B = 5 C = 2 C = 3 A = 3 D = 2

... ...

n A = 5 D = 8 B = 2 C = 3 D = 5 D = 7

Table 3. Demand history

Periode 1 ... 7

Pi

Day
A B C D ... A B C D

1 6 2 3 8 ... 2 2 2 8

2 3 1 1 9 ... 4 2 2 6

... ...

n 1 2 2 6 ... 3 1 3 7

Table 4. Component inventory history

Periode 1 ... 7

Wi

Day
s t u v ... s t u v

1 3 2 9 3 ... 7 3 8 0

2 6 3 7 11 ... 7 3 5 16

... ...

n 6 2 7 1 ... 10 1 9 10

Table 2 shows that on day 1, machine M did the following
production: 3 parts C in the first period, then 4 parts
A, 6 parts D, 3 parts B, 10 parts A. We do not have
information for period 6 because the data is missing (for

any reason), then in period 7, 1 part C has been produced.
The same applies for the following days. Table 3 illustrates
the demand over 7 periods, in period 1, it required 6 parts
A, 2 parts B, 3 parts C, 8 parts D, and so on for the
following days and periods. In a similar way, Table 4 shows
the component inventory history.

Missing data in production sequences are encoded as ”XX”
and the produced quantity is set to 1. In the other datasets,
missing values are set to 0. Subsequently, the production
sequences are modeled using a moving window over all the
periods considered. In this case study, hyperparameters are
set to nin = 3 and nout = 2 (Table 5).

Table 5. Modeling the sequences

dataset χprod = nin = 3 γprod = nout = 2

-2 -1 0 1 2

1-1 C=3 A=4 D=6 B=3 A=10

1-2 A=4 D=6 B=3 A=10 XX

1-3 D=6 B=3 A=10 XX C=1

... ...

n-3 B=2 C=3 D=5 D=7 XX

The first nin columns represent the context data used for
the prediction while the last nout columns are the data to
be predicted. In the context of the prediction of production
sequence, only information related to the sequences of
products to be processed must be predicted. Thus, four
distinct data sets must be determined:

• χprod = nin first columns of the production data set
extracted by the moving window (columns -2 to 0 in
table 5)

• χstock = inventory level of the component associated
with the temporality of χprod data

• χdemand = level of demand for the products associ-
ated with the temporality of the χprod data

• γprod = nout last columns of the production data set
extracted by the moving window (two last columns in
table 5)

The categorical data, χprod and γprod, are subsequently
encoded as binary matrices Xprod and yprod of size (#
records × nin × ∥P∥+1) and (# records × nout × ∥P∥+1)
respectively. The |P |+1 columns are taken into account in
order to allocate a specific column to each product in the
product catalog, as well as to the ’XX’ value previously
defined. The Xprod matrix is weighted by the quantity
produced in each period. Xprod11

and yprod11
(equation 3)

is the matrix representation of the first nin columns and
the last nout columns of record 1-1 in Table 5.

χprod11 = → Xprod11 =




0 0 3 0 0



4 0 0 0 0



0 0 0 6 0




 (3)

γprod11
= → yprod11

=


0 1 0 0 0



1 0 0 0 0




A fifth dataset is needed to train the model according to
the teach forcing method. The DTI set is generated from
the yprod matrix by deleting its last vector and adding a
null vector in the first position, as shown in equation 4.

DTI11 =


0 0 0 0 0



0 1 0 0 0




(4)
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a workshop made of one machine M and whose prod-
uct catalog P contains 4 items such as P={A,B,C,D}.
These products are themselves derived from 4 components
W={s,t,u,v}. It should be noted that the machine M can
only produce one type of product Pi at a time.

The production manager is responsible for the sequencing
of the jobs to be performed on machine M . As shown in
the example below, the machine’s production log records
the type and quantity of products processed each day and
the sequence in which the processing is done.

Production history of the machine M :
• Day 1 : C=3 ; A=4 ; D=6 ; B=3 ; A=10 ; STOP ; C=1

• Day 2 : D=8 ; B=5 ; STOP ; C=2 ; C=3 ; A=3 ; D=2

• ...

The objective of the study is to forecast the future pro-
duction sequences most likely to de proposed by the
production manager. These scenarios will then be used
as inputs to a simulation model allowing the calculation
of the different performance indicators that will help in
the final scheduling decision. Using past experience and
simulation to determine the best sequencing scenario based
on different key performance indicators allows for the
consideration of habits and non-explicit rules that govern
the company’s production. This will help bridge the gap
between sequencing theory and practice.

4.1 Data preparation

To fulfill the above objective, the production history,
the ”net” demand history and the component inventory
history are available. Tables 2, 3 and 4 represent this
information for the example presented above. Each period
refers to a production order.

Table 2. Production log

Period
Day

1 2 3 4 5 6 7

1 C = 3 A = 4 D = 6 B = 3 A = 10 C = 1

2 D = 8 B = 5 C = 2 C = 3 A = 3 D = 2

... ...

n A = 5 D = 8 B = 2 C = 3 D = 5 D = 7

Table 3. Demand history

Periode 1 ... 7

Pi

Day
A B C D ... A B C D

1 6 2 3 8 ... 2 2 2 8

2 3 1 1 9 ... 4 2 2 6

... ...

n 1 2 2 6 ... 3 1 3 7

Table 4. Component inventory history

Periode 1 ... 7

Wi

Day
s t u v ... s t u v

1 3 2 9 3 ... 7 3 8 0

2 6 3 7 11 ... 7 3 5 16

... ...

n 6 2 7 1 ... 10 1 9 10

Table 2 shows that on day 1, machine M did the following
production: 3 parts C in the first period, then 4 parts
A, 6 parts D, 3 parts B, 10 parts A. We do not have
information for period 6 because the data is missing (for

any reason), then in period 7, 1 part C has been produced.
The same applies for the following days. Table 3 illustrates
the demand over 7 periods, in period 1, it required 6 parts
A, 2 parts B, 3 parts C, 8 parts D, and so on for the
following days and periods. In a similar way, Table 4 shows
the component inventory history.

Missing data in production sequences are encoded as ”XX”
and the produced quantity is set to 1. In the other datasets,
missing values are set to 0. Subsequently, the production
sequences are modeled using a moving window over all the
periods considered. In this case study, hyperparameters are
set to nin = 3 and nout = 2 (Table 5).

Table 5. Modeling the sequences

dataset χprod = nin = 3 γprod = nout = 2

-2 -1 0 1 2

1-1 C=3 A=4 D=6 B=3 A=10

1-2 A=4 D=6 B=3 A=10 XX

1-3 D=6 B=3 A=10 XX C=1

... ...

n-3 B=2 C=3 D=5 D=7 XX

The first nin columns represent the context data used for
the prediction while the last nout columns are the data to
be predicted. In the context of the prediction of production
sequence, only information related to the sequences of
products to be processed must be predicted. Thus, four
distinct data sets must be determined:

• χprod = nin first columns of the production data set
extracted by the moving window (columns -2 to 0 in
table 5)

• χstock = inventory level of the component associated
with the temporality of χprod data

• χdemand = level of demand for the products associ-
ated with the temporality of the χprod data

• γprod = nout last columns of the production data set
extracted by the moving window (two last columns in
table 5)

The categorical data, χprod and γprod, are subsequently
encoded as binary matrices Xprod and yprod of size (#
records × nin × ∥P∥+1) and (# records × nout × ∥P∥+1)
respectively. The |P |+1 columns are taken into account in
order to allocate a specific column to each product in the
product catalog, as well as to the ’XX’ value previously
defined. The Xprod matrix is weighted by the quantity
produced in each period. Xprod11

and yprod11
(equation 3)

is the matrix representation of the first nin columns and
the last nout columns of record 1-1 in Table 5.

χprod11 = → Xprod11 =




0 0 3 0 0



4 0 0 0 0



0 0 0 6 0




 (3)

γprod11
= → yprod11

=


0 1 0 0 0



1 0 0 0 0




A fifth dataset is needed to train the model according to
the teach forcing method. The DTI set is generated from
the yprod matrix by deleting its last vector and adding a
null vector in the first position, as shown in equation 4.

DTI11 =


0 0 0 0 0



0 1 0 0 0




(4)
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The numerical datasets χstock and χdemand are trans-
formed into matrices Xstock and Xdemand of respective size
(#records × nin × ∥P∥) and (#records × nin × ∥W∥).
The datasets are normalized by min/max normalization to
facilitate model convergence during training (equation 5).

Xdemand11 =




6 2 3 8



8 4 2 10



6 4 1 3




 →




0.54 0.50 1.00 0.55



0.72 1.00 0.50 0.77



0.54 1.00 0.00 0.00




 (5)

Xstock11 =




3 2 9 3



9 2 7 6



4 3 9 5




 →




0.09 0.50 0.57 0.27



0.63 0.50 0.42 0.54



0.18 1.00 0.57 0.45






Finally, the data sets are separated into training and test
sets (75%-25%).

4.2 Definition of the RNN model

As mentioned, ∥P∥ and ∥W∥ can be inferred from the
data, while hyperparameters nin, nout and nr are fixed
arbitrarily. In the present case study, ∥P∥ = 4, ∥W∥ = 4,
nin = 3, nout = 2 and nr = 282. Figure 3 represents the
architecture of the model used for this case study.

Fig. 3. Representation of the proposed architecture

4.3 Training of the RNN model

Xprodtrain
, Xdemandtrain

, Xstocktrain
, and DTI are used

as inputs while yprodtrain
is used as output to train the

model.Python is used with the optimizer ADAM to mini-
mize the loss function Categorical Cross Entropy. This loss
function is chosen since the real value yprodtrain

towards
which the prediction ypred must tend is a binary matrix.
This also explains why the Categorical accuracy metric is
chosen to evaluate the performance of the model during
training. Keras EarlyStopping function avoids any over-
fitting, with 25% of the training set used as a validation
set. After more than 50 iterations without improvement of
the accuracy on the validation set, training is stopped.

4.4 Definition of production constraints

A constraint is used to penalize or encourage a transition.
For instance, the transition from product C to product
D can be penalized using equation 6. This can be seen
as the result of a shortage of raw materials involved
in this specific series change. Hence the need expressed
by decision makers to penalize this transition without
completely prohibiting it using a 70% penalty rate.

If C → D Then penalty = +70% of BeamScore (6)

The rate, within an interval [-100%;+100%], is chosen
according to the flexibility given to the constraint. The
higher the rate chosen, the stricter the constraint. A
negative rate encourages the specific behavior defined in
the constraint while a positive rate penalizes it.

4.5 Forecasting of the next x products to be processed

The test sets Xprodtest
, Xdemandtest

, Xstocktest
are used

as an input to the model. The DTI set used during the
training of the model is replaced by a null vector since
no information about yprodtest

is available during the test
phase. Using the BeamSearch algorithm, N scenarios are
selected as the most probable to occur in the following x
steps. Figure 6 is an example of a prediction proposed by
the RNN model with N=10.

Table 6. Example of RNN model’s prediction

The sequence [’A’, ’A’, ’B’] is introduced in the model
along with the demand and the stock level of the com-
ponents of the period. The model proposes 10 probable
scenarios in decreasing order of conviction (BeamScore).
The production constraint imposes a 70% penalty on each
scenario containing a transition from C to D (scenario
6 is penalized). The compliance score quantifies the cer-
tainty of the model. The lower the compliance score and
the larger the difference between two consecutive scenario
scores, the more certain the prediction.

4.6 Evaluation of the model’s performance

Performance of the model can be evaluated using the
metrics defined in equations 2. The performance of the
model is highly dependent on the quality of the data of
the case study. Each prediction scenario is compared to the
actual sequence used on the machine, i.e. [’B’, ’D’] in this
example (table 6). The first scenario (in pink) proposed by
the model is the same as the real sequence (True) used on
the machine. It will therefore be recorded as a good Top
1 prediction. If the True sequence is predicted in scenario
2 or 3, it will be recorded as a good Top 3 prediction. The
same logic applies to Top 5 and Top 10 predictions. Each
Top N prediction is divided by the number of predicted
records to obtain the corresponding Recall(N).

5. CONCLUSION

The proposed methodology suggested N probable se-
quences of production scenarios. Considering the tacit
knowledge of the shop floor included in historical data, it
aims to bridge the gap between theoretical and practical
scheduling, and can be considered as a tool to use in
production rescheduling (reactive scheduling) (Sun and
Xue, 2001; Mihoubi et al., 2021).

To further reduce this gap, the following research perspec-
tives could be explored. The visualisation of the scenarios
could allow for better understanding of available options
and facilitated discussion between decision makers and
workers. This could be accomplished using a Gantt chart,
as a visual support for further reflection and decision mak-
ing (Wilson, 2003) and several key performance indicators
could be calculated.

Additionally, companies are driven to make multi-criteria
decisions based on the simultaneous analysis of several key
indicators (Fuchigami and Rangel, 2018). Since N plausible
scenarios are proposed, and considering that processes
are known by the company, the effect of each proposed
scenario could be simulatedfor example using a digital
twin, in order to provide insightful input for a multi-
criteria decision process. Then, the AHP decision-making
method could consider preferences of decision makers
(Charles and Kumar, 2014) and allow more flexibility in
the decision making process.

Finaly, further research should be undertaken to determine
if the practices learned, both good and bad, can be used
to quickly create a responsive optimization scheme for the
studied context.
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To further reduce this gap, the following research perspec-
tives could be explored. The visualisation of the scenarios
could allow for better understanding of available options
and facilitated discussion between decision makers and
workers. This could be accomplished using a Gantt chart,
as a visual support for further reflection and decision mak-
ing (Wilson, 2003) and several key performance indicators
could be calculated.

Additionally, companies are driven to make multi-criteria
decisions based on the simultaneous analysis of several key
indicators (Fuchigami and Rangel, 2018). Since N plausible
scenarios are proposed, and considering that processes
are known by the company, the effect of each proposed
scenario could be simulatedfor example using a digital
twin, in order to provide insightful input for a multi-
criteria decision process. Then, the AHP decision-making
method could consider preferences of decision makers
(Charles and Kumar, 2014) and allow more flexibility in
the decision making process.

Finaly, further research should be undertaken to determine
if the practices learned, both good and bad, can be used
to quickly create a responsive optimization scheme for the
studied context.
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