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Abstract: Studies of atmospheric dispersion of pollutants on a local scale are increasingly performed with Com-
putational Fluid Dynamics (CFD) simulations. However, CFD computations can be numerically expensive, and are
often only performed on a limited number of cases. Machine Learning (ML) approaches offer a promising potential to
build meta-models, i.e. approximations to the CFD solver, for faster results, allowing to simulate cases not present in
the initial CFD-generated database. Here, a Multi-Layer Perceptron (MLP) is trained on CFD simulation results with
varying wind directions. The MLP model is able to predict accurately the wakes near the building, but has trouble
predicting the correct wakes further downstream. Furthermore, knowledge of the continuity equation is embedded into
the network via an additional loss term. This allows to slightly improve the surrogate model’s accuracy.
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INTRODUCTION

Industrial sites and urban areas present a risk of accidental release of pollutants. Such particles or gases
can then be carried away by the wind and spread over large areas, with possible environmental and sanitary
impacts. When a hazardous release occurs, it is crucial to precisely and rapidly know where the pollutant
plume is likely to disperse in order to discriminate the impacted from the safe areas. Such information can
help local authorities take preventive and reactive actions, for example when an emergency evacuation is
needed.

At local scale, dispersion modeling is a complex problem that is highly dependent on topography, build-
ings geometry and meteorological conditions. In practice, this problem can be solved using Computational
Fluid Dynamics (CFD) simulations of the atmospheric flow and of the dispersion of the pollutant. In case
the pollutant has no impact on the fluid density, these two systems can be resolved independently, which is
here the case. However, such simulations are computationally intensive, and the resulting data is costly to
store.

The objective of our investigation is to establish a meta-model of the problem. Such a meta-model could
be learned from existing or new simulations, and could possibly allow fast interpolation or extrapolation to
new, non-simulated cases. Since, in resolving the dispersion problem, the most costly step is the resolution
of the 3D wind flow around the buildings, the focus of this study is to learn a meta-model able to correctly
predict the fluid flow and not the pollutant concentration.

METHODOLOGY
Case study
To assess the performance of the proposed methods, we study a toy case consisting of a few buildings
and 3 hills, representing a simplified power production plant. The domain is cylindrical, with a radius of



1 km and a height of 600 m. The buildings and hills are clustered around the domain center. The mesh
resolution close to the buildings is 1 m, and the resolution far from the buildings is 5 meters. The mesh is
displayed in Figure 1.

Figure 1. Left: domain of the studied toy case. Right: zoom on the buildings and hills.

As a first investigation, a total of 72 simulations were run with code_saturne 8.0 (Archambeau et al.,
2004), focusing only on the air flow with no pollutants, in unstable stratification, and with varying wind
directions. The cells were initialized with the values of Monin-Obukhov profiles (Foken, 2006) with the
Hogstrom universal functions suited for unstable cases (Hogstrom, 1988). Parameters for the profiles are as
follows: Monin-Obukhov length L,,, = —50 m, ground roughness zy = 0.13 m, reference wind velocity
ures = 6 m/s at height z,.¢ = 60 m, and ground temperature Ty = 20 °C. The wind direction ¢ varies
between each simulation, with one run every 5°. Those profiles are prescribed as boundary conditions in
the upstream half of the domain. Then, the Navier-Stokes equations with the Boussinesq approximation
and the energy conservation equation are solved for 25000 time-steps of 1 s each. This allows to reach a
near stationary state. The last 1500 time-steps are averaged to remove the remaining time variations (such
as Von Karman vortex streets). The final simulation outputs are time-averaged 3D fields of velocity v,
potential temperature 6, pressure p, turbulent kinetic energy &, and turbulent kinetic energy dissipation rate
€ for every simulated case.

The dataset generated is then split into training, validation and test sets. The training dataset consists
of regularly spaced wind direction occurrences, every 10°, starting from 0° (North wind). This represents
a velocity field in the domain for 36 different wind directions, for a total of 48 million spatio-directional
points. The validation and test datasets also consist of regularly spaced wind direction occurrences, every
10°, starting from 5°, i.e. intermediate values from the train dataset. The validation dataset is constituted
with case directions {5°,45°,95°,135°, 185°,225°,275°}, that is, ordinal directions and points close to
cardinal directions, as the cardinal points themselves are part of the training set. Finally, the remainder is
used for the post-training test set. Since the CFD resolution is higher than necessary for training the meta-
model far from the buildings, only 10% of the spatial points are kept for training, with a focus around the
building and close to the ground.

End-to-end metamodel structure

In order to compare different models easily, and to facilitate the calculation of physical quantities and
losses, normalisation and denormalisation is implemented directly around the model, as shown in Figure
2. Additionally, models predict only a perturbation relative to the computed Monin-Obukhov (MO) meteo-
rological profiles, and profiles values are computed separately and added to the model output. This means
that losses can be computed on physical quantities, but that the actual model trains on output normalised
quantities. Gradients can then be automatically computed and backpropagated, including gradients of MO
profiles relative to the inputs.

Evaluation metrics for metamodels
In order to evaluate the accuracy of a given deep learning model, several statistical metrics may be used.
Here, we use the Geometric Mean bias (MG), the Geometric Variance (VG), the correlation coefficient
denoted R, and the fraction of prediction within a factor 2 of the observation denoted FAC2 (Chang and
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Figure 2. General schematic of the studied models.

Table 1. Metrics used for evaluating deep learning model’s performances.

Name formula meaning
MG exp(InV, —InV}) bias indicator
VG exp((InV, — InV,)2) error estimator
R % correlation estimator
Fraction of data that satisfy
FAC2 0.5 < “% <2 accuracy estimator

Hanna, 2004). All those metrics have an ideal target value of 1. With V), the model prediction and V,, the
ground truth data, and with V' and oy representing the average and standard deviation over the dataset
respectively, we have:

Metrics values are computed on denormalised perturbations, relative to the Monin-Obukhov profiles.
This includes scalar and vector fields, such as the velocity, with potentially negative values. Since the given
metrics only make sense on positive values, they are computed on the absolute values. For the case of the
velocity, separate metrics are computed on the component parallel to the wind direction, the component
perpendicular to the wind direction, and the vertical component. For each category, a final metric value can
be computed as the mean of computed metrics on all predicted fields.

SURROGATE MODELS
Data-driven multi-layer perceptron
The first explored model is purely data driven. It is a fully connected multi-layer perceptron moder-

ately deep and wide, consisting of 20 layers, each containing 50 neurons, with tanh activation function,
implemented with Tensorflow. The model takes as input the spatial coordinates of a point and the physical
parameters (cosine and sine of the wind direction angle v/), and outputs the velocity v, potential temperature
0, turbulent kinetic energy k and turbulent kinetic energy dissipation rate €. The data loss function is defined
in Equation 1, with ||-|| the Euclidean norm:

oiﬂdata = Z vared - Vsa»turne”2 + ‘epred - esaturne|2 + |kpred - ksaturne|2 + |6pred - 6satulrne|2-
data points
(1)

The model is trained with the ADAM optimizer with amsgrad, with a learning rate of « = 103 and
a batch size of 4096. The training is done until the loss function does not improve during more than 12
consecutive epochs, and the weights of the epoch with the lowest validation loss are saved at the end of the
training. An example of prediction of the velocity field for the test direction ¥ = 135° is shown in Figure
3.

The network predicts very well the wakes close to the buildings, including the different recirculation
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Figure 3. Left: Ground truth CFD data for the test case ¥ = 135°. Middle: MLP pl”edlCthIl for this case. Right:
difference between the two fields.

zones, except for the lowest building. The highest errors close to the buildings are located around sharp
gradients, such as around corners of rectangular buildings. Overall, adding boundary conditions around the
buildings as an additional loss term may help solve these issues. This may also be due to the spectral bias
in neural networks (Rahaman et al., 2019).

The network however struggles to predict wakes farther away from the buildings, and tends to over-
spread them. This may in part be due to the double-penalty effect of the Mean Square Error (Farchi et al.,
2016). A possible solution would be to add the momentum conservation and the mass conservation as
additional loss terms, as they are key to preserve the wakes.

Physics-informed loss
Under the Boussinesq approximation, with p, the adiabatic density, the continuity equation becomes
Equation 2.
V(pav) =0 2

In order to improve the model results, the continuity equation is incorporated in the model. The model cor-
responds to a PINN (Raissi et al., 2019) with both data and physics-based terms in the loss. The collocation
points are the same as the data points. An additional parameter Acontinuity 18 introduced to balance the two
loss terms. The resulting loss function is defined in Equation 3.

ﬁotal = Zdata + Acontinuity Z V(PaV) (3)

collocation points

Metrics on trained models with different values of Acontinuity are shown in Figure 4. We focus on the
metrics of the velocity field components. Metrics improve slightly for intermediate values of Acontinuity-
This shows that adding the continuity equation does improve the accuracy of the model. However, for
Acontinuity > 1, the metrics worsen. This shows that putting too much emphasis on the continuity equation
hampers the training of the network, leading to an overall less accurate surrogate model. However, improve-
ments on the metrics are always small, meaning that the added value of the continuity equation is relatively
limited. This is in part due to the MLP network having a low base error on the continuity equation.

CONCLUSION
We used an MLP to interpolate between known directions for the velocity field. The MLP shows very
good performance for predicting the wind behavior close to buildings but has trouble predicting the correct



12 | o e e e e e e L e e ——————————————— T
1 - 0 Ee'r:g;e_t;v;g;/';u? gy P g B Y : """"
L g g Y B — vz
< 0.8 T vper
---- vpar
J p
O e o
z O SV P
0.4
0 10-2 10-1 100 10!

Acontinuity
Figure 4. Metrics on trained models for different values of Acontinuity, computed on the vertical component of the ve-

locity field V.. (continuous), the component perpendicular to the wind direction Ve, (dash-dotted), and the component
parallel to the wind direction Vya, (dashed).

wakes further downstream.

We then use the PINN formulation to embed knowledge of the continuity equation into the network.
This allows to slightly improve the accuracy of the network. However, since the data-driven network has a
relatively low base error on the continuity equation, the added value is relatively small.

An interesting perspective would be to add equations which are not as well respected, such as the
momentum equation, and evaluate its impact on the network’s accuracy and in particular the wakes distant
from the built-up areas.
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