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Dust soiling on solar panels affects the efficacy of solar panels in
regions susceptible to dust storms. One possible way to combat
this is by creating solar panels in the shape of airfoil cross sections.
The shear stress experienced on the upper surface may aid In
reducing time between maintenance of solar panels. By
characterizing the shear stress on the upper surface of NACA 4-digit
airfoils and training a cWGAN model to produce shapes
corresponding to characteristic shear, new more effective shapes
may be discovered.

Introduction

Solar energy has the potential to provide electricity to many in
remote areas, especially in countries that may have reduced access
to electrical infrastructure. Some of these areas suffer from dust
storms and other similar weather patterns, which can hinder the
efficacy of solar panel solutions due to dust soiling [1]. This effect is
compounded when regular solar panel maintenance is not practical.
Airfoils have the potential to prolong the time between required
maintenance by automatically removing dust particles through
viscous shear effects.

 Fig. 1 demonstrates the
effects of dust soiling on
solar panels.
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Obijectives/ Goals of the project

* Develop novel airfoil cross sections for use In solar panel dust
mitigation

« Reduce amount of upkeep required for decentralized solar
solutions

 Develop new implementations of neural net powered airfoll
generators with cWGANSs (TensorFlow).

« Demonstrate the use of novel aerodynamic performance
parameters in training of neural networks
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. Abstract Methodology

Overview:

* NACA 4 digit airfoils are generated (dx = ¢ / 100).
» Xfoil analysis in dust storm conditions is performed on the data to
obtain C¢, which was subsequentially used to obtain 7 ;.

Tenar. = 1000 *f T, ds
Upper

* Negative values and outlier airfoils are dropped from the dataset.

 Remaining data is up-sampled to produce a uniform distribution
of labels.

» Airfoil coordinates are standardized to aid in model training.

« ¢cWGAN model is trained until convergence (generator wins the
game, discriminator is fooled)

* Model is evaluated for efficacy

Conditional Wasserstein Generative Adversarial Networks (cW-
GANs) have been shown to be effective in generating airfoils with
desired performance parameters by employing the Wasserstein loss
function [2]. By training a cWGAN to match the shapes of NACA 4-
digit airfoils with their corresponding characteristic shear stress,
airfoils can be optimized for maximum shear stress along the upper
surface, allowing for the automatic dust removal process to take
place.

The Wasserstein (EM) Distance is defined as follows:

W(pr,pg) = 3163;/75 []Ex~pr fw(X)] = Eznp, [ fiv(go (Z))]]

And the loss function of the cWGAN with a gradient penalty s
defined as follows:

Vwgan-Gp (fiv,86) = Vwean (fiw,80) + ABxwp, [([| Vi fi(®)]l2 — 1)%]

Where Viycan (fiv, o) is equivalent to W (p,, p,) and 1 is the gradient
penalty applied.

Data has been up sampled.
Model is currently being
trained.

Xfoil analysis has been .
performed on every foll. .
All have been standardized.
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Conclusion and Discussion

The use of Generative Adversarial Networks in engineering design
promises to continue to speed up design workflows while providing
engineers with insights that may be missed through normal iterative
design processes. Current airfoil design workflows involve an
iterative process that relies on a (sophisticated) guess and check
method. Employing machine learning models in this design process
could allow for automatic shape generation based on desired design
parameters for several applications of airfolls.

The model trained in this project can be used to generate shapes
that can later be evaluated for use in dust mitigation on solar panels.
The implications for this work could aid Iin the design of
decentralized solar systems in different regions, where requirements
for the dust mitigation process may differ.

Future Work ‘

Training this model on a dataset with different types of airfoils such
as the NACA 6-series, and more accurate labels produced from
more sophisticated CFD software will undoubtedly improve results.
Flow over airfoils is complex, and as such, large datasets are
required to train a more accurate model. Similar methods can be
employed for airfoil design workflows.

Implementation of the airfoil .. =
shapes produced by the
model may allow for dust
soiling mitigation. Wind
tunnel testing of the shapes
generated, as well as higher
fidelity simulations will be
needed to verify the efficacy.
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