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Abstract. Uncertainty in manufacturing processes is as old as the manufacturing process itself. Simu-
lations on the other hand are always certain in their outcome based on the chosen parameters. Neverthe-
less it makes sense to incorporate uncertainties in the simulation for validation and analysis of the real
and simulated processes. This paper aims on highlighting the importance of an accurate understand-
ing and measurement of uncertainty for simulation validation and thus to increase the significance and
acceptance of simulation results in the working environment.

Introduction

Simulations play a crucial role in nowadays manufacturing systems [13] and are used through all
phases of manufacturing. Starting at the planning and design phase to test new prototypes and all the
way up to simulate the real time production parameters. The benefit of simulations is clear nowadays
[3], but it is not always clear why something should be simulated [16]. The goal of simulations therefor
is often misunderstood and simulations are far to often seen as a replacement of physical processes,
which leads to a low acceptance of simulation development and results through out the company.
Instead the aim of simulations should be the analysis of processes with the necessary flexibility for
upcoming changes. Generalization therefor is the key factor of a simulation, but the significance is a
limiting factor. In order to have significant results the simulation should match real achievable situa-
tions in the process. Typically those two factors contradict each other at a given point. It makes sense
to formulate it as an optimization problem for simulation development:

Generalization := {situations, that can be simulated} (1)

maz |Generalization|, with significance > sg )

The generalization can be easily described as a set of simulate-able situations. Maximizing the number
of those will maximize the generalization. Of course a more complex description of generalization
could be used as well, but the focus in this paper is on the second aspect of the optimization problem,
the significance. The lack of a unitary understanding of significance in this context makes it even
harder to find a proper threshold for it. Therefor we propose to replace it with the more intended
meaning certainty and assume that the semantic correlation between certainty and significance is given
in the scope of manufacturing processes. Even one has to admit, that there is no study yet proving this
assumption scientifically, our empirical experiences with industry partners has shown that this is true
and the that the most differences in the meaning are cause due to language barriers. It figures out that
using uncertainty instead of certainty suits better in most cases and is nearer to the meaning of error
in statistics, which is a good analogous for uncertainty in simulation validation with real process data.
The optimization problem then changes to:

max |Generalization|, with uncertainty < pg 3)
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Now that we have formulated our optimization problem, it can be checked in each step of the validation
process, if an improvement was made in context to the overall process uncertainty. Nonetheless it
remains a challenge to communicate the results with respect to the present uncertainties. Therefor
we first take a closer look at the difference between precision and uncertainty and how to measure
those. Then the three dimensions of simulation validation are introduced to situate uncertainty in the
validation process. Last we talk about how to communicate and incorporate uncertainty in the whole
process and finish with our final conclusions.

Related work Zouaoui et.al. [26],[27] and Barton et. al. [1] are talking in detail on how to deal with
uncertainties in the input model. Where Zou et. al. [25] and McKay et.al. [11] are investigating the
problem of analyzing and evaluating uncertainty. Du and Chen [7] and Hills [9] provide models on
how to manage uncertainty in the process and therefor also provide useful ideas on how to analyze
uncertainty. A very advanced approach for its time was proposed by Su and Lee [17], where they ana-
lyzed the uncertainty of a process by controlled manipulation of uncertainty factors. A good resource
and starting point for visualizing uncertainties is made by Potter et. al. [15].

Precision vs Uncertainty

Now that the optimization problem is stated, the question arises how to check if the conditions hold.
As we are mainly collaborating with engineers from the metrology and quality assurance department,
it stands to reason using the definitions of precision and uncertainty from the 2007 International vo-
cabulary of metrology [5]. As long as we mainly investigate the uncertainty of input parameters these
definitions are sufficient enough. If we also want to take into account model uncertainties the Commit-
tee on Mathematical Foundations of Verification, Validation, and Uncertainty Quantification already
published a profound study with extensive examples [4].

Definition 1. Measurement uncertainty is a non-negative parameter characterizing the dispersion
of the quantity values being attributed to a measurand, based on the information used

"NOTE I Measurement uncertainty includes components arising from systematic effects, such as com-
ponents associated with corrections and the assigned quantity values of measurement standards, as
well as the definitional uncertainty. Sometimes estimated systematic effects are not corrected for but,
instead, associated measurement uncertainty components are incorporated.

NOTE 2 The parameter may be, for example, a standard deviation called standard measurement un-
certainty (or a specified multiple of it), or the half-width of an interval, having a stated coverage
probability.

NOTE 3 Measurement uncertainty comprises, in general, many components. Some of these may be
evaluated by Type A evaluation of measurement uncertainty from the statistical distribution of the
quantity values from series of measurements and can be characterized by standard deviations. The
other components, which may be evaluated by Type B evaluation of measurement uncertainty, can
also be characterized by standard deviations, evaluated from probability density functions based on
experience or other information.

NOTE 4 In general, for a given set of information, it is understood that the measurement uncertainty
is associated with a stated quantity value attributed to the measurand. A modification of this value
results in a modification of the associated uncertainty.” from The 2007 International Vocabulary of
Metrology Point 2.26 [5]

Definition 2. Measurement precision is the closeness of agreement between indications or measured
quantity values obtained by replicate measurements on the same or similar objects under specified
conditions.
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”NOTE | Measurement precision is usually expressed numerically by measures of imprecision, such
as standard deviation, variance, or coefficient of variation under the specified conditions of measure-
ment.

NOTE 2 The ‘specified conditions’ can be, for example, repeatability conditions of measurement, in-
termediate precision conditions of measurement, or reproducibility conditions of measurement (see
1SO 5725- 3:1994).

NOTE 3 Measurement precision is used to define measurement repeatability, intermediate measure-
ment precision, and measurement reproducibility.

NOTE 4 Sometimes “measurement precision” is erroneously used to mean measurement accuracy.”
from The 2007 International Vocabulary of Metrology Point 2.15 [5]

Precision and uncertainty are picked because they represent the two extrema in case of their practical
determinability. Where precision is clearly defined and quantified, but also very limited to a special
subset of the process . Uncertainty on the other hand is more general but lacks of a clear definition
and quantification. Still uncertainty is preferable when talking about complex processes, when not
only syntactical and statistical information matters, but also semantical and even more important the
embedding context. Only this way, real significant statements can be made. An example here for is
easily found.

Assuming we want to build a ship. The main goal should be, that the ship is tight. So if we built up
the hull of our ship with multiple parts, simulating the assembly process is a crucial factor for the
ships tightness. Now assume that we want to validate our simulation result with a real assembled hull
that was measured with a high precision optical laser. The laser has a resolution of approximately
10 — 100 nm and the ship is tight when the gab between the parts is smaller than 1€ nm = 1 mm.
So clearly the precision of the measurement is high enough for the validation. The simulation mesh
has a resolution of % x 1 mm (tightness), to match the precision needed for the tightness analysis.
If we now just compare our simulation result with the measurement regarding precision, we have to
compare multiple measurements with our result and then are able to calculate the overall and median
difference and thus determine the precision.

The question arises how much this tells us about the significance and uncertainty of the simulation?
Even if we take all differences into account and plot them in an appropriate way, we are still only
interested in the tightness of our assembly. So without taking into account the context of our results,
like how certain is the real process, how well is the process defined and if all the influences are un-
derstood, it is hard to validate how certain the simulation result is and how good it finally fits for the
tightness analysis in the assembly process. This is way uncertainty has to be emphasized and defined
in the whole process.

It makes sense now to built up the quantification of uncertainty out of the division of the process in
measurable subprocesses and their connection and correlation in addition to soft characteristics like
human influence factors, which are usually hard to measure precisely. Taylor et. al. [20] gives a broad
overview and proposes a general theory of how to approach such a quantification problem.

The 3-dimensions of simulation validation

In order to get a better understanding for the communication problem behind uncertainty and simula-
tion validation, a closer look at the dimensions of validation is beneficial. Therefor we classified the
validation in three dimensions.

 Effort
» Completeness

 Certainty
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Fig. 1: Depiction of the three dimensions of simulation validation. Each new phase of validation is
always a trade-off between effort, completeness and certainty. The theoretical perfect validation is
usually not achievable as the knowledge about the simulated process is never complete, nor certain
and the effort is no longer in any rational relationship to it.

Validation completeness is the measurement of how detailed a the validation is supposed to be. This
takes into account that for a full coverage of completeness in validation one has to know every pos-
sible mechanism and its effects of a process. Obviously a complete coverage can only be achieved
in theory and depends on the completeness of the process embedding context. Usually the maximum
completeness is determined by the actual knowledge and understanding of the underlying processes.
As one goal of simulations is to enhance exactly this knowledge, even a realistic completeness could
not be achieved. However sometimes completeness could also not be achieved because of the lack of
proper measurement methods for certain effects or because the measurement itself is incomplete or
uncertain. Human factors for example are always crucial in this context, as they are both incomplete in
their measurable description and uncertain regarding their behavior. The lack of completeness therefor
always correlates with the achievable certainty of a validation.

Validation certainty is the measurement of how certain the validation results are (for an easier graph-
ical depiction the positive formulation is used here). This takes into account the cumulative precision
of the used measurement results and the effect of how well the input parameters could be determined.
The latter is the most critical one, as it is also affected by how well the overall process is understood
and how well material parameters or other derived parameters are suited for the simulated process. In
most cases there are no special parameters derived and one has to deal with experimentally determined
ones, which makes it hard to quantify the suitability or correctness of the parameters. Far too often
the simulation itself is used to determine the suitability of a certain parameter, not taking into account
that the parameter could have side effects and correlations with the other parameters.

In industry the necessary effort for the validation should not be forgotten. Validation could be a very
time-consuming and costly task and therefor the methods should also emphasize the given resources
to achieve the best trade-off between certainty and completeness.
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Fig. 2: The curse of dimensions for simulation validation. Since everything is connected it is hard to
draw a clear line at which state the validation result holds. Incorporating the existing knowledge is a
key factor for a successful and significant validation of the simulation, even if there is a loop in the
validation process.

This way we can build up the dimensions of our validation systems to allow for a classification of
methods to choose from. As one can see from Fig. 2 that a good result is hardly achievable with only
one validation. To overcome the effects of mutual manipulation a series of validations is necessary
with a clear documentation of the used dependencies.

In order to decrease the uncertainty there are three main steps in each validation phase. First one needs
to isolate the effects as much as possible to overcome the curse of dimensionality regarding the di-
mensions of possible influences and effects from knowledge, completeness and input parameters (see
Fig.2). It seems much easier to correlate and compare two effects than 5 or more at the same time. Thus
Divide & Conquer is the strategy to go for. But one has to keep in mind, that it is not always possible
nor feasible for each effect and influence to divide it to the lowest level. Second the correlation and
dependencies between effects need to be determined such that one can perform the “conquer” step.
The conquering step is also not free of complications as there is no guarantee for every division that the
integration can be made without the loss of information and thus induce more uncertainty instead of
lowering it. The third step is to distinguish between systematic and unsystematic effects. In the report
of the national research council ([4] p.14 Fig 1.3) they also discussed this problematic in detail based
on the weapon failure example. The last step is of particular importance as a simulation is usually only
capable of mapping the systematic effects with a quantified certainty. Systematic effects are those that
can be reproduced, scientifically explained and do have a precise and formalized description. All other
effects are considered unsystematic.

In particular all effects where humans are involved should be handled carefully in this context. There
are two main factors for which we distinguish the human as unsystematic or systematic in manufac-
turing processes. The one is the level of detail or precision range. High requirements on the precision
lead to a more unpredictable behavior of the human worker when the precision range approaches the
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human motoric capabilities thus classifying it as unsystematic. The second one is the degree of vari-
ability in the modeled assembling process. Typically humans are not deterministic in their behavior
when having multiple options that are valid. The human flexibility is always a curse and a blessing
in assembling processes, but when it comes to simulation the question is always how to incorporate
the human. Even it is mostly an unsystematic effect on the uncertainty of the process, when there are
multiple options available, it can be barely eliminated from the term, as its influence is too high. One
way that has been fruitful lately is to allow uncertainties in the input parameters to allow the modeling
of human uncertainties in the real process. In assembly processes this is typically achieved by a model
describing the play of the parts that can be used. In more general terms, soft boundary conditions can
be used in the simulation to incorporate uncertainties in general. Allowing a broader range of possible
solutions.

Conclusion

It has been shown how uncertainty in process simulations can be dealt with. The importance of under-
standing and analyzing the uncertainty is an old topic in manufacturing processes. With the extended
use of simulations and increasing precision and amount of measurement data, this old topic can be
analyzed in new ways. Simulations allow for a more clearer and controllable understanding of the
underlying effects of a manufacturing process. Emphasizing uncertainty and communicating it to all
stakeholders further increases the acceptance of the process and the simulation as a beneficial tool.
Even further it highlights in a smart way the benefits of using simulations as a tool to gain knowledge
about existing processes instead of just replacing prototyping or even existing testing processes. Un-
certainty is a powerful aspect of simulations and emphasizing it, directly increases the significance
of a simulation. In the future the communication of uncertainties through simulation is getting a ma-
jor challenge for simulation designs as it further increases the requirements. The trade-off between
completeness and a low uncertainty in simulation therefor will still persist.
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