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Abstract—This study aims at developing abstract metamodels
for approximating highly nonlinear relationships within a metal
casting plant. Metal casting product quality nonlinearly depends
on many controllable and uncontrollable factors. For improving
the productivity of the system, it is vital for operation planners to
predict in advance the amount of high quality products. Neural
networks metamodels are developed and applied in this study for
predicting the amount of saleable products. Training of metamodels is done using the Levenberg-Marquardt and Bayesian
learning methods. Statistical measures are calculated for the
developed metamodels over a grid of neural network structures.
Demonstrated results indicate that Bayesian-based neural network metamodels outperform the Levenberg-Marquardt-based
metamodels in terms of both prediction accuracy and robustness
to the metamodel complexity. In contrast, the latter metamodels
are computationally less expensive and generate the results more
quickly.

I. I NTRODUCTION
Complex systems like manufacturing enterprises are composed of hundreds of interconnected autonomous and nonautonomous components. The level of complexity and nonlinearity in these systems is much beyond what physical
and mathematical modeling principles can cope with. The
prevalence of uncertainty in the operation of these systems also
signiﬁcantly degrades the validity and reliability of analytical
models. These issues warrant application of simulation as a
powerful technique for modeling and analysis of complex
systems. The main power of simulation models relies on
the fact that they can model real world systems to a high
level of detail. Flexibility of simulation models also allows
conducting what-if analysis scenarios making them a reliable
decision supporting tool. There are numerous studies reporting
successful implementation of simulation models for describing
complex systems, including manufacturing enterprises [1], [2],
[3], [4] and baggage handling system [5], [6]. The majority of simulation models are developed using discrete event
simulation modeling techniques equipped with 3D graphical
visualization.
Although simulation models are the most accurate and
reliable tool for analysis of complex systems, they suffer from
a couple of restricting issues. Simulation models throughout
their lifecycle are expert intensive. A high level of expertise is usually required for development, maintenance and
operation of these models [7]. Furthermore, these models
are computationally expensive and massively time-consuming.
c
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This indicates that one can only use them in the design
stage and their application for real time operational planning
and scheduling is highly limited [8]. The ﬁnal point is that
a high level of detailed information and data are required
for modeling different aspects of these systems. Any piece
of inaccurate information may degrade performance of the
developed simulation models.
Metamodels have been introduced in literature to overcome
these problems [9]. A metamodel is an abstract or auxiliary
model of a complex system approximating linear/nonlinear
relationship between the response and the design variables.
The relationship can be looked for in a local and/or the whole
region of interest. Usually, a space-ﬁlling sampling method is
applied for evenly locating sample points within the whole
design domain. Then the collected samples are applied for
developing metamodels using a variety of modeling techniques
including regression models [10], [11], splines [9], kriging
[12], and Neural Networks (NNs) [13], [14], [8], [15], [16].
The regression model is the most frequently used metamodel
in the scientiﬁc and practical literature. This is mainly due
to its functional simplicity and ease of development. The
availability of statistical packages supporting the regression
models also contributes to this popularity. This popularity,
however, does not imply that these metamodels are the best in
terms of prediction accuracy and reliability. Comparative and
reviewing studies indicate that NNs are the superior candidate
for construction of metamodels in many domains of science
and engineering [17]. This is mainly due to their excellent
learning capability and being universal approximator [18]. This
discussion well justiﬁes preferring NNs to other techniques for
developing metamodels.
The main purpose of this study is to develop a NN metamodel for a real world metal casting plant. The quality of
casting products reﬂected in the quantity of saleable product
is the metamodeling target. Product quality has nonlinear
relationships with many internal and external factors. Many of
these relationships are unknown to the system operators and
even system designers. Presence of uncertainty in the operation
of this system also makes decision making highly difﬁcult
and prone to mistake, occasionally resulting in catastrophic
consequences in terms of product quality. Also the concept of
NN metamodeling has been introduced around two decades, it
has not been applied for approximating nonlinear dependencies
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inside a casthouse. The NN metamodel will be developed to
predict the product quality based on the available information.
As this prediction can be done before starting the casting
process, the obtained results can be used for operational
planning, either off-line or on-line.
It is well known that NN prediction performance highly
depends on the network structure (number of hidden layers
and number of neurons per hidden layer) and the training
process (initialization and the training algorithm). Two famous
NN learning techniques are applied over a grid of NNs
with different structures in the described experiments. The
experiments are repeated a few times to eliminate effects of
random initialization [18].
The rest of this paper is organized as follows: Section II
introduces the metal casting process. Purpose of analysis and
metamodeling steps are discussed in Section III. Experimental
results are demonstrated in Section IV. Finally, Section V
concludes the paper with a summary and some remarks for
further study in this domain.
II. M ETAL C ASTING P LANT
The underlying system in this study is a casthouse as part of
a metal smelter facility. The casthouse produces a large range
of alloys in different forms. Production complexity is high
due to the presence of many inﬂuential factors on the product
quality. The product scheduling and crucible routing are among
the most challenging issues within the operation of the whole
system. The most important components within the underlying
casthouse are furnaces, casting stations, launders and ﬁlters,
crucibles, and crucible transfer (start and end points).
The operation of the system is that molten metal is delivered
from the pot-lines to the casthouse. The molten metal is delivered to the furnaces in the casthouse via the use of cylindrical
crucibles. The crucibles follow fairly well deﬁned paths in
their travel from the pot-lines to the casthouse. Once the metal
has been poured into the furnaces, the crucibles return to
the pot-lines via return paths. Each furnace is governed by
its own separate process logic. When the furnace is below
the maximum capacity, the furnace status is that of furnace
ﬁlling. When a crucible arrives at the pouring platform, the
pouring sequence is started. In the beginning, the furnaces
start at a low temperature, and have the temperature raised
signiﬁcantly with the addition of each crucible of metal from
the pot-lines. This is due to the high energy content in the
crucible, which is generally hotter than the furnace baring
a signiﬁcant delay, relative to the energy in the furnace. As
the metal level in the furnace increases, the energy level in
the furnace also increases, and so the temperature rises due
to the pour of crucible metal decreases in magnitude. Once
the furnace has the required amount of metal, the crucible
deliveries to that furnace cease, and the waiting period starts.
During this period, the furnace waits until both the casting
temperature is reached and the casting station is ready to
receive metal. The furnaces communicate with the casting
station through the use of software switches. Once casting has
been completed, the furnace status resets to furnace ﬁlling. The

cyclic process begins again, with the furnace waiting for the
arrival of crucibles from the pot-lines.
Upon completion of the casting process, the product quality is precisely examined. High quality casting products are
delivered to the market based on customers’ orders and the
production schedule. For each casting process, the quantity of
saleable products is reported in percentage varying between 0%
(total loss of casting product) and 100% (perfect casting). This
percentage is an indication of how well the casting process has
been planned, proceeded, and completed.
Like many other manufacturing enterprises, there are several
factors inﬂuencing the quality of the casting products. As many
of these design factors are unknown or totally uncontrollable
for operators, the level of uncertainty in operation of a casthouse is high. These uncertainties result in low quality of
products, even if all production tasks are completed based on
the operating manuals.
III. M ETAMODELING P ROCEDURE
The general metamodeling procedure, regardless of the
metamodel type, can be summarized in 6 steps [19]:
1) Determining the goal of the metamodel;
2) Deﬁning the ranges for the input variables;
3) Developing the experimental design;
4) Building a simulation model;
5) Developing the metamodel; and
6) Validating the metamodel.
A more detailed description of these steps can be also
found in [20]. The main purpose of step 3 and 4 is to
collect datasets useful for training and validating the developed
metamodel. A Design of Experiments (DOE) accomplished
in step 3 is fundamental to the successful development of a
metamodel. The considered scenarios in design of experiments
are applied to the detailed simulation model for data collection
(step 4). The main difﬁculty is that in many real world
applications, such as the casthouse in this study, these two steps
can not be fully completed. There are often many ﬁnancial
and operational issues signiﬁcantly restricting the number of
samples one cat get from the system. Besides, lack of accurate
information makes development of highly detailed simulation
models impossible. An alternative solution is that metamodels
are developed only based on the available datasets taken from
the real system. The developed metamodels can be latter
revised and updated in real time whenever new observations
become available. According to these, metamodeling of the
underlying casthouse is carried out as follows:
A. Metamodeling Goal
The purpose of metamodeling is to develop an abstract
model of the casthouse for predicting the quantity of saleable
products. The considered target is continuous ranging between
0% to 100%. Following steps deﬁned in [20], metamodels are
developed to approximate nonlinear relationships between this
target and independent variables selected in the next step. The
developed metamodel can be used for other purposes as well,
including sensitivity analysis, optimization, conducting what-if
studies, and operational planning.
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B. Metamodel Inputs
The quantity of saleable products depends on many internal
and external factors. Statistical analysis shows that variation of
the considered target has a meaningful relationship with 11 out
of 25 independent variables. Some of the variables are related
to the casting facility, such as casting station and pouring
location. Others are speciﬁc to the product and its features,
including type, alloy, group, and proﬁle. As the majority of
these variables are categorical, they are converted to numerical
values.

TABLE I
S TATISTICAL CHARACTERISTICS OF 𝑅2 FOR ALL CONDUCTED
EXPERIMENTS OVER THE GRID OF NN S
Training Method
Levenberg-Marquardt
Bayesian

Min
2.21
24.94

Max
60.86
77.29

Mean
40.67
69.48

S.D.
10.91
7.03

range of targets to avoid misleading conclusion. Test samples
are applied for examining the metamodel performance upon
completion of the training stage.

C. Metamodel Type and Structure

IV. E XPERIMENTS AND R ESULTS

As discussed in Section I, NNs are a reasonable choice for
developing metamodels. A two layer feedforward NN is considered for metamodeling the underlying casthouse based on
the considered inputs. Although NNs with one hidden layer are
universal approximator, in practice it is often found that NNs
with more hidden layers perform better in term of prediction
accuracy and generalization power. Fig. 1 demonstrates the
considered NN metamodel in this study. The transfer functions
in the two hidden layers are tangent sigmoid capable of
extracting and describing nonlinear relationships. The transfer
function in the output layer is a linear mapping of the second
layer tangent sigmoids via the weights to generate the model
output. This feature of having both nonlinearity and linearity
in the model makes the considered model very versatile.
D. Metamodel Training
NN parameters can be adjusted using a variety of methods
and based on minimization of different cost functions. In
this study, two famous methods are applied: the LevenbergMarquardt algorithm, and the Bayesian technique [18]. Both
methods have obtained excellent reputation in the NN community. The former one has been applied more frequently
due to its easily understandable mechanism. The later method
interprets NN parameters with probabilistic distribution. The
main features of the Bayesian technique is that it provides a
measure of the effectiveness of NN parameters. This measure
can be used as an indication of the appropriate size of NN
models. Furthermore, the Bayesian learning algorithm well
avoids the over-ﬁtting problem, a common problem when using
other NN training methods [18].
E. Metamodel Validation and Examination
Performance of the developed metamodel can be measured
using some statistical measures. Among them, coefﬁcient of
determination (𝑅2 ) is the best as it provides a measure of
target variation captured by the metamodel. 𝑅2 is calculated
as follows,
∑𝑛
2
(𝑦𝑖 − 𝑦ˆ𝑖 )
2
(1)
𝑅 = 1 − ∑𝑖=1
𝑛
2
𝑖=1 (𝑦𝑖 − 𝑦𝑖 )
where 𝑦𝑖 , 𝑦ˆ𝑖 , and 𝑦𝑖 are the i-th target, the i-th prediction, and
the target mean, respectively. Prediction models with an 𝑅2
sufﬁciently close to one are the best. Other measures, such as
mean square error, should always be interpreted based on the

For the underlying problem, a training samples is a 12
labeled pair (𝑋𝑖 , 𝑦𝑖 ), where 𝑋𝑖 represents the i-th set of inputs
shown in Fig. 1 and 𝑦𝑖 is the corresponding target. The weight
decay cost function is applied for NN training. The regularizing
factor is set to be 0.9. The training set accounts for 80% of the
total available observations. The rest of the samples (20%) are
used of testing the performance of developed metamodel. All
samples are preprocessed to have zero mean and unit variance.
This is done to give all variables an equal signiﬁcance when
training metamodels.
The performance of NN metamodels and their generalization power highly depends on their initial parameters
and structure. To avoid any subjective judgment about NN
performance, each NN metamodel is trained two times and
the averaged results are reported. To examine the effects of
network complexity on the metamodel performance, a grid
of different structures is developed through changing number
of neurons between 1 to 20 in each layer (𝑛1 ∈ [1, 20], and
𝑛2 ∈ [1, 20]). Coefﬁcient of determination (𝑅2 ) is calculated
and averaged for the test samples. Results are reported for both
the Levenberg-Marquardt and Bayesian techniques.
Fig. 2 and Fig. 3 show the ﬁlled contours of the averaged
𝑅2 over the deﬁned grid of NNs trained using the LevenbergMarquardt and Bayesian techniques, respectively. The horizontal and vertical axes indicate the number of neurons in the
ﬁrst and second hidden layers of NN metamodels. Statistical
characteristics for these two experiments have been reported
in Table I.
The obtained results can be analyzed and discussed from
two standpoints: the prediction accuracy and the metamodel
complexity effects.
A. Prediction Accuracy
According to demonstrated graphs and statistics shown
in Table I, the best results in terms of 𝑅2 are respectively 60.86% and 77.29% for the Levenberg-Marquardt and
Bayesian techniques. Obviously, metamodels trained based on
the Bayesian technique outperform the Levenberg-Marquardtbased metamodels. Therefore, if the prediction accuracy is the
main concern, one should vote in favor of the Bayesian-based
metamodels.
The provided measures in Table I also indicate that the
Bayesian-based NN metamodels generate on average more
accurate results over the grid of networks. The 𝑅2 mean
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Fig. 1.

Fig. 2.

The two layer NN metamodel structure with the assigned inputs

Averaged coefﬁcient of determination on a grid composed of 𝑛1 and 𝑛2 for NN metamodels trained using the Levenberg-Marquardt method.

for these metamodels is around 29% higher than the mean
of 𝑅2 for the Levenberg-Marquardt-based metamodels. The
higher mean with a smaller standard deviation reﬂects better
generalization power of these metamodels.

A multivariate linear regression model was also developed
to see how much linear the relationship between the independent variables and the quantity of saleable product is. The
calculated 𝑅2 for this metamodel is negative. This explicitly
points out that the relationships in the metal casting facility
are highly nonlinear.

B. Metamodel Complexity Effects
It is also important to study the metamodel complexity
effects on its performance. Fig. 4 displays the NN complexity
(number of NN parameters) as a function of number of
neurons in the ﬁrst and second hidden layers. This graph
is based on the NN conﬁguration and architecture shown
in Fig. 1. A visual comparison of this graph with results
demonstrated in Fig. 2 and Fig. 3 reveals many similarities.
𝑅2 is low with rapid ﬂuctuations for small to medium sized
NN metamodels. This explicitly means that the considered
structure for the NN metamodel can not completely identify the
nonlinear relationship amongst the dependent and independents
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Fig. 3.

Averaged coefﬁcient of determination on a grid composed of 𝑛1 and 𝑛2 for NN metamodels trained using the Bayesian method.

variables. This behavior is more common for NN metamodels
developed using the Levenberg-Marquardt technique. While
the Bayesian-based metamodels with similar complexities have
the same prediction performance, the Levenberg-Marquardtbased metamodels highly differ in terms of their performance.
This can also be attributed to the high sensitivity of the
Levenberg-Marquardt-based NN metamodels to their initial
parameters.
As networks become bigger, 𝑅2 gradually settles and becomes stable on large regions. Settlement of 𝑅2 with high
values in these regions is an indication of its insensitivity to
the network structure. Therefore, NN metamodels in the borders of these regions are suitable candidates with satisfactory
prediction performance and the minimum complexity.
It is also useful to calculate the correlation coefﬁcient
between the matrix of averaged 𝑅2 and the network complexity. This measure provides an indication of the network
performance dependency on its structure. While coefﬁcient of
correlation for the NN metamodels trained by the LevenbergMarquardt algorithm is 68%, it is 56% for the Bayesianbased NN metamodels. These correlations again emphasize
direct relationship between the metamodel performance and
its structure.
If the Bayesian learning method is applied for training NN
metamodels, 𝑅2 is more robust against the network structure
and complexity. Stable regions are wider with smoother borders. High hills and deep valleys are less frequent, indicating
that this technique highly regularizes the effects of network
complexity. These features may encourage one to apply this
technique rather than the Levenberg-Marquardt technique for
achieving the best results.
The best 𝑅2 in all conducted experiments is 77.29%. The
imperfectness of 𝑅2 is attributable to any or a combination of

Fig. 4. Proﬁle of metamodel complexity as a function of number of neurons
in its hidden layers.

the following factors:
∙ Insufﬁcient number of training samples: the NN metamodel has 11 inputs. As some of these inputs have many
states, it is highly likely that some regions in the input
space have remained unexplored. Therefore, performance
of the NN metamodel in those regions is low.
∙ Lack of important explanatory variables: The developed
metamodels have been setup mainly based on the product
features including alloy, type, and group. There has been
no information about casting conditions, waiting periods
for crucibles, ﬁlling procedure, and other process relevant
variables. Inclusion of any of these inputs in the model
can enhance its prediction accuracy. At this study, lack
of this information has been interpreted as uncertainty in
the data set.
Although the training procedure of NN metamodels can be
done ofﬂine, it is interesting to compare the elapsed time for
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developing NN metamodels using the two training algorithms.
Experiments show that the computational requirement of the
Bayesian technique is signiﬁcantly higher than the LevenbergMarquardt algorithm. In average, the NN training period
using the Bayesian technique is 28.62 times longer than the
NN training time using the Levenberg-Marquardt method. As
NNs become bigger and more complex, the training time
signiﬁcantly increases for the Bayesian learning technique.
Despite this, the computational burden is ignorable after the
training stage and both types of metamodels quickly generate
the results in real time applications.
The developed metamodels can be used as decision-aiding
tools in planning and completion of the following tasks:
∙ Guiding to cast some alloys in speciﬁc stations according
to the prediction results;
∙ Making decision about each product features and its
relationship with the product quality; and
∙ Optimization of the operating schedule through conducting some if-then analysis using the developed metamodels.
V. C ONCLUSION
A neural network metamodel for a metal casting facility
was implemented in this paper. The purpose of metamodeling
was to predict the quantity of saleable products before starting
the casting process. In the experiments, a grid of neural network structures was developed and applied for examining the
complexity effects on prediction performance. To eliminate the
effects of random initializations of neural network parameters,
all experiments were repeated a few times. The LevenbergMarquardt and Bayesian learning techniques were applied for
training neural networks. Calculated statistical measures for
prediction results showed that prediction accuracy of neural
network metamodels developed using the Bayesian method is
better than prediction accuracy of the Levenberg-Marquardtbased neural network metamodels. The former metamodels
were also less sensitive to the network structure. In contrast,
the Levenberg-Marquardt technique was computationally less
expensive. Imperfectness of prediction results is mainly attributable to a high level of uncertainty present in the operation
of the underlying casthouse.
The developed metamodel can be applied for real time
operational planning and production scheduling. The system
operators can apply metamodels for examining a wide variety
of scenarios in a short time. This makes possible optimizing
short and long term production schedules and improving the
overall performance and productivity.
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