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THE ALWAYS CHANGING DATA PROBLEM OF USING Al IN
MANUFACTURING - USING SYNTHETIC DATA FROM THE DIGITAL
TWIN TO FEED Al MODELS

ZSOLT MOLNAR! — PETER TAMAS? — BELA ILLES3

Abstract: Production is becoming increasingly flexible, which also requires the flexibility of the
support system for the production. And the key here is the speed of decisions, in which the support of
modern artificial intelligence systems can be crucial. Flexible production is based on a well-planned
control of production, which increasingly uses some artificial intelligence component. Artificial
intelligence can already be useful in the early stages of planning the production line, and of course it
can also control the daily operation of the production line after the installation of the production
place or line. The biggest problem is supplying the neural network that controls the artificial
intelligence with training data. The production lines typically change every 2-4 months, new products
appear, the layout changes, and the main process data also changes due to the development of the
processes. This results in the training data becoming outdated or obsolete very quickly and thus
cannot be used to train models anymore. High-quality learning data can be produced by digital twin
models of production lines. Such synthetic data has several advantages over data collected from
production. In this article, we investigate how useful this synthetic data is during the life cycle of the
production line.

Keywords: flexible manufacturing, layout, systematic layout planning, digital twin, artificial
intelligence, decision table

1. FLEXIBLE MANUFACTURING SYSTEMS AND THE LIFECYCLE OF A
PRODUCTION LINE

Increasing the flexibility of production is the result of demand from two sides. On the one
hand, the development of IT and automation in recent decades and the geopolitical changes
of recent years appeared as an internal demand of manufacturing companies to be able to
respond to market demands as flexibly and resiliently as possible. On the other hand,
customers are increasingly demanding customized, unique products, which also requires an
increase in the flexibility of production by being able to produce as large a variety of
products and product portfolios as possible on a given production line or production area
[1].

Flexible manufacturing systems consist of three main components: machines, material
handling devices and control logic [2, 3]. The complexity of the system is usually at the
control logic, which must change and adapt adaptively during the life cycle of the
production line [4].

Examining the life cycle of the product and the production line is very important to
understanding the problem (Fig. 1). In the case of flexible production systems, the life cycle
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of a product is on average 2 years, while the life cycle of production lines can be 10 years,
during which 10-100 different products can be manufactured.
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Figure 1. The life cycle of a manufacturing line

The Fig. 2 shows that in the case of flexible production systems, several types of products
are continuously manufactured, while these products may be in different phases of their life
cycle. In addition, the manufactured product mix may depend on several parameters:
seasonality, changes in customer demand, difficulties in purchasing raw materials, etc.
These challenges all require the flexibility of the production line [5].

During the life cycle of the production line, different products are produced at different
periods. Thus, the sum of those quantity curves is the actual number of pieces to be
produced. Similarly, the profit curve also adds up. In the case of profit, the goal is to be
able to maintain the expected profit level during the entire life cycle of the production line

[6].
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Figure 2. Manufacturing product mix with products in a different lifecycle stage

If we want to support the decisions on a production line with some kind of Al tool, then we
will soon be faced with the specialties resulting from the life cycle of the production lines.
As mentioned earlier, production lines are constantly developing and changing.
Accordingly, the characteristics of the data generated on them can also change
significantly. For example, in the case of an average electronics production line, a new
product appears every 2 months, and the production parameters change every 1 month due
to some process improvement. The production line simply does not have a long enough
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stable state of data collection that can be used to train an Al model. From a data collection
point of view, we can already talk about a new production line every 1-2 months.

Fig. 1 contains the classic four-element product life cycle curve of the production lines,
supplemented at the beginning with the layout design phase. The life cycle curve shown in
the figure clearly shows that if we are talking about real data collection, we can start it only
when the line is installed and ramped up. It means that larger amounts of data are only
available during the development period. From the point of view of data quality, the quality
of the data collected during the ramp-up is often questionable, since in that phase there are
usually a lot more extra problems and shutdowns resulting from the start-up of the line.
When we want to install some kind of artificial intelligence-based decision-making element
in the queue, we quickly fall into a trap, because the Al component needs data to function,
but there is no data until the system is working normally. If we want to integrate an Al
component into a line that has been operating for a long time, then we are usually in an
easier situation. We are in a much better position if we use synthetic data, since even in the
design phase of the line we can create synthetic data based on the design data, and during
the lifecycle we can continuously improve the data quality. Thus, by the time the line is
physically installed, we can already have a working Al model. Fig. 3 shows the availability
of the amount of data and their relation to the product life cycle.
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Figure 3. The availability of the real world collected and the synthetic data during the lifecycle

Based on Fig. 3, in the traditional way the collection of data from the production line can
start from the ramp-up period of the line. At that time, however, the quality of the data is
generally not yet suitable for use in machine learning due to biases in it. We can only
collect better quality data during the normal operation. However, this is often already too
late if we are working on an Al model whose task is to control the production line. The
situation is much better for synthetic data. Even in the design phase of the production line,
the design data can be used to generate the initial batch of the synthetic data. Later, the
quality of the synthetic data can be improved as the planning data becomes more accurate.
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The parameters measured on the installed line can further refine the data. Data mixing can
also be used during data generation. In data mixing the data package used to train the Al
model contains both real measured data and synthetic data. Such mixed data often better
characterize the extreme states of the system.

Synthetic data is data generated by some model to replace real data. By controlling the
data generation process, the quality of the synthetic data can be better for machine learning
purposes. Synthetic data can be created on any scale, quantity, and for any duration. It is
essential that the synthetic data reflect the nature, composition, and proportions of the real
data. During the preparation of the synthetic data, we have to model the distribution and
structure of the real data [7]. The biggest advantage of synthetic data is that we can
completely control its creation. Another major advantage of synthetic data is that it usually
contains less personal or private data, so the problem of handling personal data (for
example GDPR related) appears less often. For example, a real data collection system
usually contains which worker performed the work by worker name, while in the synthetic
implementation of the same, the workers appear only as serially numbered objects [8].

The most widespread methods of generating synthetic data are the following [9, 10]:

- rule-based methods: this is a well-used method if the generated data must comply
with some constraint or rule.

- generative methods: these methods are very common for generating images, for
example, where the data is created by processing previous real data and generating
new data based on it.

- simulation-based methods: in the case where real systems have to be modelled, a
mapping of the real world has to be created (digital twin), this method can be used
very well. The data is generated by the simulation that maps the real world and
behaves identically to it. In the next part, we examine the concept of the digital
twin and, in relation to the research, we choose simulation as a tool for creating
synthetic data.

- methods based on data expansion: in this case, the real data is expanded with
generated data to have a sufficiently large set of data available. The resulting data
will be a mixture of real and generated data.

It is worth comparing the synthetic data with the real data based on some data-specific
aspects. Since we work with a large amount of data in production, we can examine how the
two data types fit into the 5V model of big data (Table I.).

Table I.
Comparison of the real and synthetic data from the Big Data 5V point of view
Big data .
parameters Real collected data Synthetic data
vVeloci Constantly increasing data after the | Data generation can already start during
elocity S - :
line is installed. the line planning.
The amount depends on the The quantity depends on the comple_xnty
Volume - of the process, more data due to earlier
complexity of the process. .
data collection.
When the line changes, the data can | The quality and accuracy of the data
Veracit become invalid or outdated, in depends on the accuracy of the digital
y which case a new data collection twin model. Although the data becomes
cycle must be started, which gives obsolete here as well with the change of
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results after a long time. The line
can operate with a poorly trained
model during the transition period.
In many cases, the data require
cleaning and could contain
duplication.

the line, new data - the data mapping of
the changed situation - can be generated
quickly.

The data generation process can take
care of the data quality.

The structure of the data depends
on the production data collection

The data structure created in the digital
twin model is uniform, well-structured.

UL system_, In many cases data come The data generation process is fully
from different systems and in controlled
different formats. )
If the data becomes outdated, their
business value will be zero, and .
Value even outdated training data can lead The well-built and constantly updated

to incorrect production and business digital twin.

decisions.

Gartner already drew attention years ago to the fact that in a short time, it is possible that up
to 85% of Al applications and projects will provide inadequate results in the future due to
data quality problems [11].

2. DIGITAL TWIN

One of the most widespread methods of creating a digital twin in the case of mapping
production processes is discrete event-based simulation (DES) [12]. These systems include
building blocks for material flow mapping, production process data management, and
usually several tools that are used to evaluate the simulation run results [13].

Most simulation systems have an integrated artificial intelligence component or can be
easily integrated with common artificial intelligence systems [14].

The process of the building of the digital twin and using it with an Al application (Fig.
4):

- goal definition and abstraction: defining the goal of the project is crucial. In
addition, based on the goal, it is necessary to determine here how detailed a model
is needed. The level of detail affects the running speed of the model, and through it
the learning speed of the Al model.

- process data collection: collecting the data for the detailed model defined in the
previous step. The main data are product, quantity, routing, supporting services,
timing (PQRST) [15]. It is important that the stochastic elements in the data and
processes are also collected.

- model building or modification: in this step, the simulation model is created, and
the Al model is taught by running it.

- verification and validation of the model: this is one of the most important steps
since the correct functioning of the Al model depends on the correct functioning of
the model. In addition to checking the data, it is also necessary to validate the
model with example runs. Of course, this is only possible if the given production
line already exists and works in physical reality. This step can be performed
several times during the life cycle.

- data collection from the model: in this step, the model is run with the appropriate
input data and the data required for model training is collected based on them. In
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principle, the quality of the data is sufficient to eliminate all distortions and be
used without editing.

Al model training: training the model. Most simulation and digital twin building
tools provide some sort of neural network component that can be trained.

using of the Al model: the trained model is used in this step, first in the digital
twin and then implemented in the real system.

handling the change: as we wrote earlier, production is constantly changing. In the
event of a change, it must be examined whether the change may have an effect on
the operation of the model and, through this, on the data generated by the model. If
the answer is no, then the existing Al model can continue to be used. If the answer
is yes, then you have to go back to the model building phase and make the
modifications. Of course, the changed model must be validated and verified in the
same way before the new teaching cycle begins. The updated Al model and
application can be used after the new teaching cycle.
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Figure 4. The process of the creation of an Al enhanced digital twin

3. APPLICATION EXAMPLE

In the example below, we use the discrete event-based simulation system from Siemens

called Plant Simulation [16, 17]. The application example is based on one of the built-in
examples of Plant Simulation, a loop layout flexible production line.

It is a well-known fact that in the case of pallet-based production lines, two problems
hinder the better performance of the system [2, 3]:

too many pallets, when the pallets become congested, and the system therefore
loses capacity
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- too few pallets, when the pallets do not reach the next station in time, and the
system therefore loses capacity.

In the case of production lines with pallets, it is critical to determine the correct number of
pallets [18].

The production line in our example produces 6 different products (P01-P06) in a
product mix, as customer demand vary greatly. It may happen that zero units of product
P01 need to be produced one day, and the other products make up the full production
volume. And on the next day, it is conceivable that product PO1 accounts for the entire
production volume. Since the production times of the product types at the automatic
stations differ significantly, the number of pallets required for maximum output may also
differ depending on the product mix.

Beginning of the
line, orders in F

Manual and
automatic stations

gll=llalig |8 |8
o

Measurement and
test station

| PredictedPaletteNumber= 21

Meural network
controlled pallet
buffer

Remaove
Finished Farts

Subparts supply line

End of the line

Figure 5. Sample flexible manufacturing line and its main components

Main characteristics of the system:
- there are automatic and manual stations on the production line.
- inthe case of manual stations, the production time has a deviation.
- inthe case of automatic stations, the production time depends on the product type.
- aone-piece flow occurs, the batch size is 1
- daily planning is done on the line, the product mix is specified with a given
percentage value on a daily basis.
- 50 pallets are available on the line.
- the goal is to maximize the number of units produced per day.

The critical element of the system is the number of pallets, so it was decided that at the end
of the line, after the finished part removal, there will be an element used to control the
number of pallets. In each case, this calculates how many pallets the line can work best
with, based on the product mix on the current line situation, and accordingly to that
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removes the pallet that arrived at the control point from the line, or, if necessary, adds a
new pallet to the line from the pallet buffer. To determine the ideal number of pallets for
product mixes, a large number of model runs would be required.

If we want all possible combinations, so that the 6 products take values between 0 and
100, but in such a way that their sum is 100, we should handle the following number of
combinations and run the following number of experiments:

Number of combinations = C(n+k-1, k-1) = C(109, 4)
where:
n — represents the target sum,
k — represents the number of numbers.

The calculation equation is:
C=nl/kl*(n-Kk)! where 0 <=k <=n

In the case of combinations, we must count on repeated combinations since the products are
different and have different production parameters.

Plugging in the values C = 96,560,646 and multiplied by the number of possibilities of
the pallet number (between 20 and 50 there are 31 steps to analyse), the possible number of
experiments = 2,993,380,026. In addition, in the case of simulations, it is recommended to
perform several runs (observations) in one case to take into account the stochastic process
characteristics. With observation runs, the real run number is 5-10 times higher. Even with
today's modern computers and distributed or cloud execution capabilities, this is a
significant number. If we use a neural network, and we run just some distinct cases, this
number can be significantly reduced.

To train the neural network, we run a limited number of cases, which are generated by
combining the product mix between 0 and 100 in 10% increments. The sum of the product
mix of course must be 100%. In this case, the number of combinations = C (n+k-1, k-1) =
C(19, 4). Plugging in the values: C = 3 003 combinations.

In the example, in the case of pallet numbers, the pallet number range between 20-50
was examined in steps of 5. Thus, a total of 3,003*7 = 21,021 runs were needed to generate
the neural network baseline.

Table II.
Neural network settings
Setting Value
Number of training steps | 200
Hidden layer dimension 7
Activation function Sigmoid
Input Product mix (6 numbers) and the pallet number
Output Number of produced parts

The neural network was trained with the basic data shown in Table 2. The learning curve is
shown in Figure 6. It can be seen that after 160 teaching cycles, the value of the error is
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low, it does not decrease further significantly, and in addition, the value of the maximum
error has also decreased to an acceptable level. After 200 training steps the training was
finished at an error of 2.531%.

Progress of the mean and maximum error
Re-initialization during the training

all outpus values [%]

Error for

— Mian Emor of &l cutpits Mand=mar af all autputs

Figure 6. The progress of the neural network training.

We integrated the neural network created in this way into the model and ran the original
parameter mixes (the 21,021 combinations) again. The result is that in more than 25% of
the cases we can produce more with the continuously optimized number of pallets, and in
the remaining 75% we do not produce less. For example, in the case of the 10%, 10%, 20%,
0%, 0%, 60% product mix, 73 can be produced with a fixed pallet number, while 93 can be
produced in one day with the neural network-controlled system. This is a significant
improvement of the line.
The developed neural network-based decision system can be used as long as
- no new product launches on the line
- there are no changes in the production parameters (operation time, machine
parameters, layout...)

If such a change does occur, then the digital twin model must be modified in accordance
with the changes and the training data required for the neural network must be recreated.

4. SUMMARY AND CONCLUSION

The article examines the impact of changes in the data underlying artificial intelligence on
the control of production processes. It’s clearly visible that due to frequent system changes
in production, the collected data cannot be used or can only be to a limited extent.
Therefore, by mapping the system, a digital twin must be built, from which synthetic data
can be collected. The article presents the process through a concrete industrial example.

The novelty of the method and the example is that it connects the life cycle of the
production line with the life cycle of the digital twin. This is an exciting approach that will
help to ensure that production lines can be used for longer in the future, thereby reducing
investment and maintenance costs.
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