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Dear editor,
Simulation is one of the most important technologies that aid in the study of real-world phenomena. It helps engineers in making better decisions related to complex systems when mathematical models are partially or even completely
unknown. A simulation model is an analog of
real-world objects. Only appropriate and qualified
models can ensure applicable and valuable simulation processes and results [1].
Model credibility defines the quality that elicits trust in the simulation results associated with
a simulation objective [2]. Verification and validation, i.e., V&V [3], measure whether a model
is correctly implemented according to its specifications, and whether it performs close enough to
the actual requirement, respectively. These measures are two crucial means of assessing the credibility of a model. Verification is usually accomplished by using various logical checking methods
with an interactive debugger introduced through
software engineering [4]. Therefore, most research
attention in modeling and simulation, M&S, has
been focused on model validation [5]. Researchers
search for suitable experiment design and sampling
strategies that reduce the duration of simulation,
design appropriate domain-related hierarchical indicators and questionnaires, and introduce various
statistical methods and expert scoring methods to
evaluate model credibility.
With the growth in simulation objects and the

increase in collaborative operations in a complex
system, simulation models with multiple underlying components can no longer function in a
pre-defined procedure. Multi-disciplinary components are gradually integrated together to act autonomously and randomly. Uncertainties in realworld circumstances can therefore be fully demonstrated through individual activities and local undeterministic logics. Such decentralized individual
actions governs several additional dynamic characteristics and evolving behaviors of the model [6].
The one-to-one error analysis of simulation results
compared with a particular series of reference data
can no longer be convincing because the model
and the simulation target change over time [7, 8].
Consequently, traditional guidelines and evaluation processes for various types of models become
irrelevant.
This study presents a pattern-based validation
metric to complementarily evaluate the credibility
of a simulation model based on an overall similarity perspective. Our basic idea is to automatically
organize the implicit regularity of the simulation
target and compare the patterns produced by the
simulation model to this regularity. The reference
data is firstly clustered into several groups. The
simulation results of the model under specific input
configuration is then compared to the members of
the closest cluster. Following this, an evaluation
criterion is developed to assess the degree to which
the simulation model is adaptable in terms of its
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input and output patterns.
Methodology. In traditional model validation
methods, one can simply assume the simulation
output at a specific time as x = {x1 , x2 , . . . , xn }
and the reference data from the real world as
y = {y1 , y2 , . . . , yn }, in which n represents the
number of time slots being observed. Apparently,
the input configuration of the model should be exactly the same as the target object. The simulation length should be scaled by following the length
of the reference data as well. The main objective is
to compare the consistency of the two sequences.
However, validating the simulation output under only one input configuration does not ensure
that the model is credible. Because of evolving
dynamics in real-world objects, more and more
simulation tests should be carried out repeatedly
because specific models perform differently in each
test. It is cumbersome to validate the model on every input configuration with multiple tests. More
importantly, lack of sufficient reference data for every possible configuration makes it challenging to
perform the one-to-one comparisons between the
simulation model and the target object.
In most cases, we can only obtain a limited number (J) of reference data Y = {Y1 , Y2 , . . . , YJ },
which contains some unknown noises and dynamics. Each data Yj , j ∈ [1, J] can either be a singledimensional time series or a multi-dimensional
time series shown as follows:
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where D and t represent the dimension and the
number of time steps, respectively. In addition,
we can produce a group of simulation outputs
X = {X1 , X2 , . . . , XI }, where I represents the
number of simulation outputs that correspond to
some special input configurations. Each output
Xi , i ∈ [1, I] is also represented as a singledimensional time series or a multi-dimensional vector shown as follows:
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On account of the input configuration, we define
the pattern of a simulation model as a combinational regularity between an input configuration
and the corresponding output features. Let S =
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{s1 , s2 , . . . , sm } be the parameter setting for starting a simulation, where m represents the number
of conditional parameters of the model. The patterns extracted from the simulation model and the
(X)
(X)
reference data are denoted as Hi
= {Si , Xi }
(Y )
(Y )
and Hj
= {Sj , Yj }, respectively. It should
be noted that we do not need to strictly match
(X)
the simulation patterns in Hi
with the refer(Y )
ence data in Hj
as the original pattern matching techniques [9].
The procedure for calculating the pattern-based
validation metric is shown in Figure 1. The procedure includes two flexible steps. The first step is
to organize the reference data into clusters according to their similarity. Because a pattern is represented by a real vector, the similarity between
two patterns can be calculated according to their
Euclidean distance. By using incremental clustering techniques, the reference clusters can be updated through an online mechanism, thereby allowing additional reference data to be imported.
The second step is the validation of patterns in
accordance with the reference clusters. We define
the pattern match degree F as the degree of compatibility of a simulation model with a group of
reference patterns. Let u be the number of compatible patterns with different input configurations
in H (X) , which can be obtained using
F = u/kH (X) k.

(3)

In the beginning u is set to 0. For each simulation result in H (X) that corresponds to a particular input configuration, we must first determine
the closest reference pattern g from H (Y ) according to their Euclidean distances. To assess whether
the given result is close enough to g, we designate
a similarity threshold Tg according to the cluster
Cg that g belongs to, as shown in Eq. (4).


d(g, g ′ ), |Cg | 6 1,
 ′ max
g ∈H (Y ) /Cg
Tg =
(4)

d(g, g ′ ),
otherwise.
 max
′
g ∈Cg

In other words, when the size of the corresponding cluster Cg is larger than 1, the largest distance
between g and other members in Cg is considered
the threshold. Otherwise, the smallest distance
between g and other members in H (Y ) is calculated as the threshold.
If the distance between the imported simulation
result and g is within the threshold, we consider
the result to be compatible with the reference data,
and therefore u = u+1 is performed. When all the
patterns in H (X) are processed, the total number
of compatible patterns can be obtained, such that
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Figure 1

(Color online) The framework of the pattern-based validation scheme.

the pattern matches the degree, which forms the
pattern-based validation metric.
Conclusion. We performed our research on the
validation of simulation models from a new perspective. A pattern-based metric was proposed to
validate the simulation model with uncertain activities. A similarity threshold was designed based
on the clustering of the reference data obtained
from the real world. The number of compatible
patterns produced by a simulation model then represents its degree of matching to a target dataset.
In the proposed validation scheme, the size of the
reference data and that of the simulation results
are not necessarily the same. Even if the reference
data for a specific input configuration is insufficient, the degree of compatibility of a model can
still be calculated according to other similar data
organized in the clusters.
The patterns that exist in a series of simulation results are critical to the evaluation of model
credibility. With increasing dynamic behaviors,
the length of the simulation pattern and reference
data will grow exponentially. Our future work will
primarily focus on the compression of simulation
results and the application of the proposed metric
for different types of models.
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