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LECTURE 7:
Neural network approaches

ML-4430: Machine learning approaches in climate science
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Outline 2

Weather Forecast Postprocessing

➢ Rasp & Lerch, 2018
➢ Scher & Messori, 2018
➢ Grönquist et al., 2020

1 Climate Model Parametrisation

➢ Krasnopolsky, Fox-Rabinovitz 
& Belochitski, 2013

➢ Rasp, Pritchard & Gentine, 
2018

➢ Yuval, O’Gorman & Hill, 2021

2

Data-Driven Climate Modeling

➢ Scher, 2018
➢ Scher & Messori, 2020
➢ Rasp & Thuerey, 2021

3
ENSO Forecasting

➢ Ham, Kim & Luo, 2019
➢ Mahesh et al., 2019
➢ Cachay et al., 2021
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1. Weather Forecast Postprocessing  Rasp & Lerch, 2018→ 4
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Main idea ...

➢ Weather model output typically is biased
➢ Trends, wet / dry or warm / cold biases

➢ To remove this bias we need to infer a relation 
between the weather forecast and the real 
observations

➢ Traditionally, this has been done using 
regression models

➢ Here, the authors use neural networks
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Data

➢ Forecast data:
➢  THORPEX Interactive Grand Global Ensemble 

(TIGGE) dataset
➢ Forecasts for surface stations in Germany at 

lead times of 48 h
➢ ECMWF 50-member ensemble forecasts 

initialized at 0000 UTC every day
➢ Upscaled onto a 0.58 3 0.58 grid
➢ 2 m temperature, plus auxiliary variables

➢ Observation data:
➢ 537 weather stations in Germany
➢ 2 m temperature only

➢ Training: 2007 – 2015 & 2015 only
➢ Test: 2016
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1. Weather Forecast Postprocessing  Rasp & Lerch, 2018→ 8
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1. Weather Forecast Postprocessing  Rasp & Lerch, 2018→ 10
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1. Weather Forecast Postprocessing  Rasp & Lerch, 2018→ 11
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To summarise ...

➢ Neural networks were used to learn the relation 
between weather forecast output and 
observations

➢ Weather forecast data augmented with 
additional features of weather stations were 
embedded for better performance

➢ Neural network based method outperformed all 
other state-of-the-art post-processing methods

➢ Randomisation of inputs allowed to infer the 
relevance of various features for the final output 
performance
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1. Weather Forecast Postprocessing  Grönquist et al., 2020→ 13
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Outline 14

Weather Forecast Postprocessing

➢ Rasp & Lerch, 2018
➢ Scher & Messori, 2018
➢ Grönquist et al., 2020

1 Climate Model Parametrisation

➢ Krasnopolsky, Fox-Rabinovitz 
& Belochitski, 2013

➢ Rasp, Pritchard & Gentine, 
2018

➢ Yuval, O’Gorman & Hill, 2021

2

Data-Driven Climate Modeling

➢ Scher, 2018
➢ Scher & Messori, 2020
➢ Rasp & Thuerey, 2021

3
ENSO Forecasting

➢ Ham, Kim & Luo, 2019
➢ Mahesh et al., 2019
➢ Cachay et al., 2021
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2. Climate Model Parametrisation  Krasnopolky, Fox-Rabinovitz & Belochitski, 2013→ 16
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Main idea ...

➢ General circulation models are necessarily 
required to parametrise several aspects of 
climate dynamics
➢ An important parametrisation is cloud 

dynamics

➢ Cloud resolving models (CRMs) are typically 
very high resolution and time consuming

➢ Here, the authors propose to learn the 
parametrisation from CRM data using neural 
networks
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2. Climate Model Parametrisation  Krasnopolky, Fox-Rabinovitz & Belochitski, 2013→ 17
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Data and models used ...

➢ TOGA-COARE
➢ the international observational experiment in 

the tropics conducted for the 4-month period 
from November 1992 to February 1993)

➢ horizontal resolution of 1 km
➢ 64 or 96 vertical layers 
➢ time integration step of 5 s

➢ Integrate CRM over a domain of 256 × 256 km

➢ Basic plan:
➢ Run CRM
➢ Make “pseudo-observations” from CRM onto 

the variable set and resolution of GCMs
➢ Train neural networks with pseudo-

observations



  

Be
da

rt
ha

 G
os

w
am

i

2. Climate Model Parametrisation  Krasnopolky, Fox-Rabinovitz & Belochitski, 2013→ 18
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Neural network setup ...

➢ Simulation details:
➢ CRM run for 120 (model) days
➢ Output aggregated to hourly resolution
➢ Approx 2800 data points

➢ 80:20  split for training and test data
➢ 2240 data points for training
➢ 560 data points for test

➢ Final choice for number of hidden neurons (HID) 
is 5
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2. Climate Model Parametrisation  Krasnopolky, Fox-Rabinovitz & Belochitski, 2013→ 20

M
L-

44
30

 L
ec

tu
re

 7
: N

eu
ra

l N
et

w
or

k 
Ap

pr
oa

ch
es



  

Be
da

rt
ha

 G
os

w
am

i
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2. Climate Model Parametrisation  Krasnopolky, Fox-Rabinovitz & Belochitski, 2013→ 22
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To summarise ...

➢ Cloud dynamics were parametrised using neural 
networks 

➢ The neural network was trained to learn the 
relation between CRM and GCM

➢ Proof-of-concept study demonstrated with the 
TOGA-COARE CRM and the CAM models

➢ Results between the neural network 
parametrisations and the standard 
parametrisations were comparable
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2. Climate Model Parametrisation  Rasp, Pritchard & Gentine, 2018→ 23
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2. Climate Model Parametrisation  Yuval, O’Gorman & Hill, 2021→ 24
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Outline 25

Weather Forecast Postprocessing

➢ Rasp & Lerch, 2018
➢ Scher & Messori, 2018
➢ Grönquist et al., 2020

1 Climate Model Parametrisation

➢ Krasnopolsky, Fox-Rabinovitz 
& Belochitski, 2013

➢ Rasp, Pritchard & Gentine, 
2018

➢ Yuval, O’Gorman & Hill, 2021

2

Data-Driven Climate Modeling

➢ Scher, 2018
➢ Scher & Messori, 2020
➢ Rasp & Thuerey, 2021

3
ENSO Forecasting

➢ Ham, Kim & Luo, 2019
➢ Mahesh et al., 2019
➢ Cachay et al., 2021
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Main idea ...

➢ Proof-of-concept that neural networks can 
emulate the dynamics of a general circulation 
model

➢ Simplified model (PUMA) with coarse resolution
➢ no seasonal cycle (eternal Northern 

Hemispheric winter)
➢ No orography,
➢ horizontal resolution of T21( 625 km, 32 × ∼

64 grid points when projected on a regular 
latlon grid)

➢ 10 vertical levels
➢ no diurnal cycle
➢ no ocean
➢ time step of 45 min
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Model setup ...

➢ First 30 years of model run are discarded as 
spin-up years

➢ 150 years of data are used
➢ 100 years for training
➢ 20 years for validation
➢ 30 years for testing

➢ Autoencoder network architecture
➢ Combined with 2D convolutions and max 

pooling

➢ High dimensional input and outputs
➢ 40 channels × 2, 048 grid points = 81, 920
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To summarise ...

➢ A neural network was trained on the output of a 
simple atmospeheric climate model

➢ The goal was to learn to emulate the dynamical 
behaviour of the atmosphere as modeled in the 
climate model

➢ The neural network learns the dynamics 
successfully

➢ The results from the neural network are slightly 
noisy but overall are convincing
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Outline 37

Weather Forecast Postprocessing

➢ Rasp & Lerch, 2018
➢ Scher & Messori, 2018
➢ Grönquist et al., 2020

1 Climate Model Parametrisation

➢ Krasnopolsky, Fox-Rabinovitz 
& Belochitski, 2013

➢ Rasp, Pritchard & Gentine, 
2018

➢ Yuval, O’Gorman & Hill, 2021

2

Data-Driven Climate Modeling

➢ Scher, 2018
➢ Scher & Messori, 2020
➢ Rasp & Thuerey, 2021

3
ENSO Forecasting

➢ Ham, Kim & Luo, 2019
➢ Mahesh et al., 2019
➢ Cachay et al., 2021
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4. ENSO Forecasting  Ham, Kim & Luo→ , 2019 39
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Main idea ...

➢ Use CNNs to predict ENSO index values up to 
one and half years in advance

➢ Overcome limited amount of observartions (in 
terms of El Niños and La Niñas) by
➢ Training the CNN 

➢ On historical simulations
➢ On reanalysis between 1871-1973

➢ Implicitly assumed
➢ Statistical emulators can help predict ENSO 

behaiviour better than dynamical models
➢ All dynamics are not knowable
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CNN SINTEX-F
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To summarise ...

➢ CNNs were used to forecast ENSO index values
➢ Input data were sea surface temperatures 

and oceanic heat content

➢ CNNs were trained on  both climate model 
output and reanalysis data

➢ The neural network approach method 
outpferformed all other methods

➢ Forecast skill was above 0.5 till around 16 
months

➢ Heatmap analysis revealed extratropical souther 
Pacific and Indian oceans as important 
predictors of ENSO
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Outline 48

Weather Forecast Postprocessing

➢ Rasp & Lerch, 2018
➢ Scher & Messori, 2018
➢ Grönquist et al., 2020

1 Climate Model Parametrisation

➢ Krasnopolsky, Fox-Rabinovitz 
& Belochitski, 2013

➢ Rasp, Pritchard & Gentine, 
2018

➢ Yuval, O’Gorman & Hill, 2021

2

Data-Driven Climate Modeling

➢ Scher, 2018
➢ Scher & Messori, 2020
➢ Rasp & Thuerey, 2021

3
ENSO Forecasting

➢ Ham, Kim & Luo, 2019
➢ Mahesh et al., 2019
➢ Cachay et al., 2021
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