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1. Context

Recent works using AI have explored cloud cover nowcasting, showing that a future sequence
of satellite images can be predicted from a sequence of past observed images, but with some
defects: it is not always possible to transport structures that are abnormally attenuated. More-
over, using numerical resources (data, computation) to learn physical processes that are al-
ready known, e.g. the advection, to the detriment of more complex processes, appears to be a
waste of resources. To tackle these issues, we propose a novel hybridization between physics
and AI, where part of the known physical equations is mixed with state-of-the-art Deep Learn-
ing techniques.

In this work we designed a hybrid Physics-AI model that enforces a physical behaviour,
transport dynamics, as a hard constraint for a trained U-Net architecture

2. PDE-NetGen

The goal of this work is to propose an architecture bridging AI and physics, applied to cloud
cover nowcasting. To meet this objective, we used PDE-NetGen[1].

PDE-NetGen
A package providing tools to automatically translate physical equations, given as PDEs of
this type :

∂t f = F (f , ∂f , .., ∂αf ) (1)

into neural networks.

For temporal integration, a numerical scheme can be used directly (Euler, RK4,. . . ) or in the
form of a network. Thus expressed in the form of a network, the physical part can be combined
with other neural networks to be calibrated, the whole forming a network which can be trained
using available conventional tools (here Keras).

Figure: The link between finite differences and convolutional layers.

Figure: On the left the PDE written with Sympy and on the right the generated code.

3. The physical model

We used the transport equation as physical information to represent the transport of cloud by
winds:
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With u the velocity field and f the pixel values of the image.

1. First part : Generated by PDE-NetGen which translates the generator F of the equation 1,
where the derivatives are transformed into convolutional layers with fixed kernels coming
from the formulation in finite differences using a Python computer algebra library called
Sympy. This neural network takes as input the initial condition (state at t = 0) and velocity
(U-Net’s output).

2. Second part : A Runge–Kutta fourth-order numerical scheme implemented as a neural
network, used to solve the PDE.

4. The Hybrid model

Our idea is to put a U-Net [3] architecture upstream of the physical model. This U-Net takes
as input a sequence of images, mainly, the state at t−1 and at t−2. In output, we get a field,
u = (u, v) which will in turn be given as input to the physical model. And during training, the
physical model will push the U-Net to the corresponding velocity fields.

Figure: The hybrid model - named NebulRK4 -

5. Results

We trained this model over 3 years of satellite images with Cloud Type classification.

Figure: A single prediction at T + 30, T + 90 and T + 150 min lead time

5. Results

✓ This learning is indirectly supervised.
✓ The U-Net manages to estimate a consistent velocity.
✓ The cloud structure is preserved during the forecasting steps.

Figure: MSE score comparison between Persistance, NebulRK4 and 3 optical flow methods implemented on
PySteps[2] (Lucas-Kanade (LK), Anisotropic diffusion method (Proesmans) and Variational echo tracking (VET))

✓ NebulRK4 outperforms Persistance.
✓ NebulRK4 outperforms Optical flow methods implemented on PySteps on the long term.

6. Conclusions and Perspectives

✓ Building hybrid architecture taking into account PDEs as physical information.
✓ Establishing a bridge between neural networks (statistical approach) and physics

(equation of nature) to capitalize on the skills and knowledge of these two approaches.
✓ Easy-to-handle architecture.
✓ Integrating automatic code generation.
✓ Stability constraints (e.g., the CFL) have to be verified for the training to succeed.
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