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Performing computational fluid dynamics (CFD) simulations and analysing fluid flows can 
be very complex, especially for transonic or turbulent flows. Choosing the right solver 
settings can therefore be very important for obtaining a (precise) solution in low computing 
time. This is however often not straightforward. Simulation software packages that 
perform finite element analyses (FEA) generally provide default solver settings to improve 
the usability, in particular, for non-expert users. However, these default solver settings do 
not always result in the fastest convergence of the linear/nonlinear solvers, and moreover, 
they can even result in divergence for difficult problems. In many cases, by fine-tuning the 
parameters, convergence can be achieved or accelerated significantly. A machine 
learning model that can predict a good set of solver settings can offer a solution to this 
problem.  

In this thesis project, we will investigate the prediction of solver parameters using 
a machine learning model, such that a fast converged solution can be achieved. In 
particular, a neural network will be trained to predict the optimal solver parameters of 
different laminar flow CFD models in COMSOL [1]. As the training data we will use a data 
set containing information from the convergence history of simulations. This offline phase 
is computationally expensive; however, the prediction of the solver parameters will then 
be fast. Different configurations of laminar flow problems will be considered in order to 
enable generalization of the neural network to a large range of laminar flow models.  

We will investigate using both global and local information of different laminar flow 
CFD models in COMSOL and train a neural network to predict the optimal parameters. 
Global information could be geometry information or initial conditions, and local 
information could be, for instance, velocities, pressure, residuals, or the Reynolds number 
for each individual finite element. We would prefer using local data because we expect 
better generalization properties of the resulting neural network model, and possibly one 
CFD simulation already contains enough data to train the neural network; cf. [2,3]. 

 Since this is a new research topic, there are a lot of open questions about which 
input to use, how to design the network architecture, and how to determine and tune the 
solver parameters from the output of the neural network.  
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