ACCELERATING CLIMATE MODEL COMPUTATION BY NEURAL NETWORKS:

A COMPARATIVE STUDY
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Introduction

e High Resolution (HR) climate models have high precision but require large
computation resources.

e Convolutional Neural Networks (CNN) can reduce the computational com-
plexity of climate models in different ways:
—Surrogate modeling: a CNN emulating the HR model (total substitution).
—Super resolution: a CNN mapping the output of a Low Resolution (LR) cli-
mate model to outputs in the HR domain.

* We used these methods to accelerate a HR Quasi-Geostrophic (QG) Model.
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Figura 1: QG model: Potential Vorticity (PV) samples

Approaches

Process-Driven Physical Model (PDPM): Each time step, we run the HR QG
model (baseline).
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Figura 2: PDPM time evolution

Data-Driven Statistical Model (DDSM): A surrogate model. Each time step,
we run a CNN to estimate the HR model output.
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Figura 3: DDSM time evolution

Hybrid Physical-Statistical Model (HPSM): Each time step, we compute the
output of the LR QG model. Then, we map it to the HR domain using a CNN.
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Figura 4: PDPM time evolution
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Experiments

* As shown in the simulation protocol, we run PDPM, DDSM, and HPSM si-
mulauously.

e We also apply a Linear Interpolation (LI) to the LR model output in order to
evaluate the CNN performance in the HPSM process.

* The time step is 6 hours. After three days of simulation, the ouput of HPSM
is the closest one to PDPM (baseline).
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Figura 5: Simulation protocol and three-day outputs

Results

¢ In terms of Mean Absolute Error (MAE), DDSM has the best performance at
the beginning of the simulation, but its MAE escalates very rapidly.

 HPSM has the best performance globally.

* The MAE of the LR model combined with LI confirms the CNN super resolu-
tion capacity.

* The analysis of MAE and Anomaly Correlation Coetficient (not shown) al-
lowed us to estimate the predictability ranges: DDSM: 2 days; HPSM: 9 days.

* DDSM reduced the computation time to the quarter whereas, HPSM reduced
it to the third.
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Figura 6: Performance results

Next Steps

e Multi-variable model acceleration: combine other QG variables with PV.
* Apply model acceleration to other climate models.

* Use probabilistic accuracy measures in performance evaluation.
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