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Artificial Neural Networks (ANNs) can nowadays solve many (un)supervised learning
tasks. In the context of on-line process control for manufacturing processes, ANNs are
an ideal approach for e.g., on-line monitoring or prediction tasks. However, since they
are trained on input-output pairs, the governing physical relations are only implicitly
included. This, for instance, can cause inaccuracies when extrapolating to out-of-sample
data points [1]. On the other hand, the numerical approximation of these physical laws
via simulation methods holds strong potential for the accurate simulation of physical phe-
nomena that occur during manufacturing processes. However, the computational effort
is an impediment that arises with the need for numerous simulations. This makes their
application computationally intractable within an on-line monitoring context. As such,
it is clear that ANNs and numerical simulation models are quite complementary when it
comes to simulating manufacturing processes. As such, their combination serves as a po-
tentially efficient and accurate aggregated predictor. The combination of the advantages
from each technique results in a grey box approach. Such grey box is based on highly
efficient machine learning algorithms, the black box member, and backed by validated
data with respect to physics generated by the numerical model, the white box member.

In this paper, we introduce an ensemble machine learning method based on the residual
modelling approach. Residual modelling [2] can, in this context, combine the speed of
the proposed Gaussian process regression (GPR) model and the accuracy stemming from
partial differential equations, implemented in a multi-physics numerical solver. We use real
data sample points, generated by an experimental resistance pressure welding process to
demonstrate that the proposed technique reduces the error compared to existing machine
learning algorithms.
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