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RAPID ADOPTION
Deep learning is being rapidly adopted by the Earth System Science community
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being weeds or crops. Thus, the center of the extracted image is marked by a colored dot according to
the probabilities. Blue, red, and white dots mean, respectively, that the extracted image is identified
as crop, weed, and an uncertain decision (Figure 14a,c). Uncertain decision means that the two
probabilities are very close to 0.5. Thereafter, we used crop line information and the previously created
superpixels to classify all the pixels of the image. On each superpixel, we identify which dot color is
dominant. A superpixel is classed as crop or weed if the majority of dots are blue or red, respectively.
For superpixels where the majority of dots are white, we used crop line information. Hence, superpixels
which are in the crop lines are regarded as crop and the others are weeds. The superpixels created in
the background are removed. Figure 14b,d present the classification results in parts of the spinach and
bean fields. It can be seen that inter-row and intra-row weeds are slightly overdetected. Overdetections
are mainly found at the edges of the crop rows where the window cannot overlap the whole plant.
Some weed pixels are not entirely in red because, after applying the threshold to the ExG, the parts of
these plants which are less green are considered soil.

(a) (b)

(c) (d)

Figure 14. Examples of unmanned aerial vehicle (UAV) image classification with models created by
unsupervised data in two different fields. The top two figures show samples from the spinach field
and the bottom two samples are from the bean field. On the left are the samples obtained after using a
sliding window, without crop line and background information. Blue, red, and white dots mean that
the plants are identified as crop, weed, and an uncertain decision, respectively. On the right in red are
the weeds detected after crop line and background information has been applied.

However, the unsupervised data collection method strongly depends on the efficiency of the crop
line detection method and also on the presence of weeds in the inter-row. The line detection approach
used here has already shown its effectiveness in beet and corn fields in our previous work [37].
With the bean field, we found that even if a field does not have a lot of samples of weeds in the

Before locally tuning a RFRE pCO2 model for the G. Maine, we !rst
tested the locally parameterized MLR model proposed by Signorini
et al. (2013) for the G. Maine. Similar to its original results, the model
was found to yield a RMSD of ~42 !atm. Then we tested the RFRE
model (Fig. 2), which was parameterized for the GOM, to the G. Maine.
Poor model performance was obtained (RMSD=89.6 !atm), sug-
gesting that the e"ects of the input variables to surface pCO2 may work
di"erently in the G. Maine than from the GOM. Because the RFRE-based
pCO2 model is empirical and is locally-trained, it can only be applied to
similar environments. Whereas the GOM-trained RFRE model uses sa-
tellite SSS as an input to account for the e"ect of freshwater mixing, in
the G. Maine, because there is no relevant satellite SSS available at 1 km

spatial resolution, it is not practical to include SSS as a predictor.
Signorini et al. (2013) used monthly SSS climatology from the World
Ocean Database (WOD) 2009 as a SSS data source in their surface pCO2

model development, but the coarse spatial and temporal resolutions of
this dataset make it di#cult to !nd concurrent and co-located mea-
surements of SSS for any given in situ !eld pCO2 measurements. Fur-
thermore, this area has relatively small river discharge, and the corre-
lation between SSS and surface pCO2 is poor (correlation coe#cient of
~!0.07 at p < 0.05, based on !eld measurements). Therefore, even
though river discharge-introduced SSS changes (i.e., 25–34) on seasonal
scale in this region could modulate surface pCO2 variations, SSS may
not necessarily be an e"ective predictor for surface pCO2 in the G.

Fig. 11. Maps of correlation coe#cients at 1-km resolution between Chl (a), Kd (b), SST (c), SSS (d), and surface pCO2, respectively. These correlations were derived
from the interannual monthly anomalies.

Fig. 12. Spatial distributions of the surface pCO2 measurements in the Gulf of Maine along the cruise tracks. (a) Cruise tracks from all data between 2002 and 2016 in
all seasons (N=482,584); (b) Cruise tracks from the same data but with co-located and contemporaneous (± 3 h) satellite Chl, Kd and SST (N=4559), with 42.7%,
18.6%, 29.1%, and 9.6% of data collected in spring, summer, fall, and winter, respectively.
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between 0 and 360°, randomly !ipping half of the training images, randomly cropping, random the scale size of 
the images, and random the brightness level of pixels by a factor of up to 50%.

We used Google TensorFlow deep-learning framework79 to train, validate and test the step-1 CNN-based 
model, and Google Tensor!ow Object Detection API80 to train, validate and test the step-2 CNN-based model.

����Ǧͷǣ�������������������������������Ǥ� When seen from space, whales are o"en confused with other 
object classes such as ships and wave foam around partially or entirely submerged rocks. To give the #rst step 
CNN-based model the capacity to distinguish between these objects, we addressed the problem as a three-class 
image classi#cation task. $e #rst model was built using the last version of GoogleNet Inception v3 CNN archi-
tecture41, pretrained on the massive ImageNet database (around 1.28 million images, organized into 1,000 object 
categories). We retrained the parameters of the two last fully connected layers in the network on our dataset, 
using a learning rate of 0.001 and a decay factor of 16 every 30 epochs. As optimization algorithm, we used 
RMSProp with a momentum and decay of 0.9 and epsilon of 0.1.

To assess whether whale posture, season, and location a%ected whale presence detection in satellite images, we 
compared the F1-measure metric across di%erent seasons and locations of the world, and across multiple active 
and resting behaviour64.

Figure 5. $e results of the whale counting (step-2) CNN-based model that locates and counts the number of 
whales (green bounding boxes) in the grid cells in which step-1 CNN gave high probability for whale presence. 
$e red bounding box shows a false negative. Map data: Google, DigitalGlobe.

Figure 6. $e proposed automatic whale-counting procedure with a two-step CNN-based model. (A) $e 
#rst-step CNN scans the sample area (following the yellow line) to search for the presence of whales in each grid 
cell (white squares). Only grid cells in which the #rst-step CNN gives high probability for whale presence (red 
square) are analyzed by (B) the second-step CNN, which #nally locates and counts individuals (the four green 
bounding boxes indicate correctly detected whales and the red box indicates a false negative). Map data: Google, 
DigitalGlobe.
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Figure 10. Second example location within the test site with the (a) ground truth and classifications 
made by the (b) RF, (c) MLP, (d) SharpMask, (e) U-Net, and (f) ResUnet models in each time sequence. 
The yellow rectangle highlights an example of a “hard-to-classify” deforestation patch. 

The total deforested area was slightly higher than the ground truth in the SharpMask and 
ResUnet predictions in both time sequences (Table 5). The opposite was true for the MLP prediction, 
which slightly underestimated the total area in both time spans. The RF model underestimated the 
total deforested area by a very large portion (almost 40 km2 or a 26% decrease in area) in the 2017–
2018 sequence due to a large number of false negative predictions, but despite this, it came closest to 
the ground truth area in the 2018–2019 sequence, although, that does not necessarily mean the 
predicted areas were the same as the ground truth. 

Table 5. Total deforested area according to the ground truth and each model’s prediction. 

Figure 10. Second example location within the test site with the (a) ground truth and classifications
made by the (b) RF, (c) MLP, (d) SharpMask, (e) U-Net, and (f) ResUnet models in each time sequence.
The yellow rectangle highlights an example of a “hard-to-classify” deforestation patch.

4. Discussion

The CNN architectures used in this study showed a clear advantage to the classic ML algorithms,
both quantitatively and visually, regarding deforestation mapping. Similarly, a comparative study
of methods developed by [96] for wetland mapping found that deep learning methods (completely
convolutional networks and patch-based deep CNN) obtained better accuracy than RF and support
vector machine. The authors found that CNN may produce inferior performance when the training
sample size is small, but it tends to show substantially higher accuracy than conventional classifiers
using a larger training sample size. We assume that the di↵erence in performance between the DL and
traditional ML methods stems from the former’s capability to understand both the spatial and spectral
context, whereas the regular ML models inherently only see the spectral information.

A B

C D

E F

G H

FIGURE 5 | Results for experiment (B) from all algorithms showing performance on the prediction of the next state directly after the training data. (A) Satellite image 
of August 11. (B) Thermal image of August 11. (C) Gaussian processes. (D) Value iteration. (E) Policy iteration. (F) Q-learning. (G) MCTS. (H) A3C. Images obtained 
from USGS/NASA Landsat Program.
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this RL approach should be able to learn a reasonable policy in 
data-scarce scenarios by focusing on the reachable state-action 
space only.

8.!CHALLENGES AND FUTURE WORK

As expounded in Malarz et! al. (2002), forest "re prediction 
requires additional information consisting of "re"ghting inter-
vention (such as "re "ghting strategy and time elapsed), which 
are not taken into consideration in this study, as we chose a study 
region having very minimal "re "ghting. In future work, we aim 
to incorporate this kind of information as well as enriching the 
model by including more land characteristics such as moisture, 

superior results. MCTS was the slowest algorithm we tried since 
it is not multithreaded and requires extra roll-out simulations and 
back propagation at every iteration.

#ere are several reasons why the best RL algorithms are more 
suited to such domains than supervised learning algorithms. 
#e "rst reason is that, RL can model the spatial dynamics along 
with time in such domains. #is enables RL to predict action 
choices using a policy tuned to a particular time of "re spread 
test as compared with supervised learning which estimates a 
model based on inputs and outputs only. #e second reason 
being RL prepares a policy for the agent that takes actions which 
model the underlying causal "re behavior. #e supervised learn-
ing algorithms do not have such a state-action mapping. #us 
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NSF AI INSTITUTES
Seven new Artificial Intelligence institutes, including one for Weather and Climate

NSF AI Institute for Research on Trustworthy AI in Weather, Climate and Coastal Oceanography

NSF announcement

https://www.nsf.gov/news/special_reports/announcements/082620.jsp
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NOAA CENTER FOR AI
Official strategy and dedicated center focusing on AI

https://nrc.noaa.gov/LinkClick.aspx?fileticket=0I2p2-Gu3rA%3D&tabid=91&portalid=0
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APPLICATIONS IN
EARTH SYSTEM SCIENCE
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ACCELERATED PHYSICS
Using surrogate models to speed up existing code

EMULATION

SAMPLES FROM 
EXPENSIVE FUNCTION

FAST
SURROGATE

MODEL
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ACCELERATED PHYSICS PARAMETERIZATIONS
Emulation of E3SM Super-parameterized SW and LW Radiation

8-10x Speedup in SW and LW Radiative Transfer Calculations
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IMPROVED PHYSICS PARAMETERIZATIONS
Building more accurate physics parameterizations

https://www.nature.com/articles/s41467-020-17142-3

parameterizations both because SAM is not equipped with such
parameterizations and because the results in the tropics would be
highly dependent on the speci!c choice of parameterizations for
both mean precipitation32 and extreme precipitation4.

The RF parameterization predicts the effect of unresolved
subgrid processes that act in the vertical, including vertical
advection, cloud and precipitation microphysics, vertical turbu-
lent diffusion, surface "uxes and radiative heating, on the resolved
thermodynamic and moisture prognostic variables at each
gridbox and time step. The prognostic variables that are explicitly
affected by the RF-parameterization are the liquid/ice water moist
static energy (hL), total non-precipitating water mixing ratio (qT),
and precipitating water mixing ratio (qp). Subgrid momentum
"uxes are not predicted, but this is not expected to strongly affect
the results since we do not have topography that could generate
strong gravity wave drag and since tropical convection occurs in
regions of relatively weak shear in our simulations. We assume
that the subgrid contributions depend only on the vertical column
of the grid point at the current time step, and we predict all

outputs in the vertical column together, and therefore the
parameterization is column based and local in time and in the
horizontal. We chose to use two RFs so that we can separately
predict processes (turbulent diffusion and surface "uxes) that
depend on horizontal winds and are primarily active at lower
levels of the atmosphere.

The !rst RF, referred to as RF-tend, predicts the vertical
pro!les at all 48 model levels of the combined tendencies due
to subgrid vertical advection, subgrid cloud microphysics,
subgrid sedimentation and falling of precipitation, and total
radiative heating. Hence the outputs of RF-tend are YRF!tend "
#hsubg!tend

L ; qsubg!tend
T ; qsubg!tend

p $ where subg-tend refers to the
subgrid tendency, giving 48 ! 3 = 144 outputs. Radiative heating
is treated as entirely subgrid, whereas the other processes have a
resolved representation on the coarse model grid and a subgrid
component represented by the RF parameterization. We do not
use the RF-parameterization to predict radiative heating for levels
above 11.8 km because it does not predict the radiative heating
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Fig. 1 Snapshots of column-integrated precipitable water taken from the statistical equilibrium of simulations. a High-resolution simulation (hi-res),
b coarse-resolution simulation (x8), and c coarse-resolution simulation with random forest (RF) parameterization (x8-RF). Insets in a show d a zoomed-in
region and e the same region but coarse-grained by a factor of 8 to the same grid spacing as in b. The colorbar is saturated in parts of panel b.
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Fig. 2 Mean and extreme precipitation as a function of latitude. a Zonal- and time-mean precipitation and b 99.9th percentile of 3-hourly precipitation,
for the high-resolution simulation (hi-res; blue), and the coarse resolution simulation with the random forest (RF) parameterization (x8-RF; orange
dashed–dotted) and without the RF parameterization (x8; green). For hi-res, the precipitation is coarse-grained to the grid spacing of x8 prior to calculating
the 99.9th percentile to give a fair comparison41.
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Stable machine-learning parameterization
of subgrid processes for climate modeling
at a range of resolutions
Janni Yuval 1! & Paul A. O’Gorman1

Global climate models represent small-scale processes such as convection using subgrid

models known as parameterizations, and these parameterizations contribute substantially to

uncertainty in climate projections. Machine learning of new parameterizations from high-

resolution model output is a promising approach, but such parameterizations have been

prone to issues of instability and climate drift, and their performance for different grid spa-

cings has not yet been investigated. Here we use a random forest to learn a parameterization

from coarse-grained output of a three-dimensional high-resolution idealized atmospheric

model. The parameterization leads to stable simulations at coarse resolution that replicate

the climate of the high-resolution simulation. Retraining for different coarse-graining factors

shows the parameterization performs best at smaller horizontal grid spacings. Our results

yield insights into parameterization performance across length scales, and they also

demonstrate the potential for learning parameterizations from global high-resolution simu-

lations that are now emerging.

https://doi.org/10.1038/s41467-020-17142-3 OPEN

1Massachusetts Institute of Technology, Cambridge, MA 02139, USA. !email: janniy@mit.edu
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parameterizations both because SAM is not equipped with such
parameterizations and because the results in the tropics would be
highly dependent on the speci!c choice of parameterizations for
both mean precipitation32 and extreme precipitation4.

The RF parameterization predicts the effect of unresolved
subgrid processes that act in the vertical, including vertical
advection, cloud and precipitation microphysics, vertical turbu-
lent diffusion, surface "uxes and radiative heating, on the resolved
thermodynamic and moisture prognostic variables at each
gridbox and time step. The prognostic variables that are explicitly
affected by the RF-parameterization are the liquid/ice water moist
static energy (hL), total non-precipitating water mixing ratio (qT),
and precipitating water mixing ratio (qp). Subgrid momentum
"uxes are not predicted, but this is not expected to strongly affect
the results since we do not have topography that could generate
strong gravity wave drag and since tropical convection occurs in
regions of relatively weak shear in our simulations. We assume
that the subgrid contributions depend only on the vertical column
of the grid point at the current time step, and we predict all

outputs in the vertical column together, and therefore the
parameterization is column based and local in time and in the
horizontal. We chose to use two RFs so that we can separately
predict processes (turbulent diffusion and surface "uxes) that
depend on horizontal winds and are primarily active at lower
levels of the atmosphere.

The !rst RF, referred to as RF-tend, predicts the vertical
pro!les at all 48 model levels of the combined tendencies due
to subgrid vertical advection, subgrid cloud microphysics,
subgrid sedimentation and falling of precipitation, and total
radiative heating. Hence the outputs of RF-tend are YRF!tend "
#hsubg!tend

L ; qsubg!tend
T ; qsubg!tend

p $ where subg-tend refers to the
subgrid tendency, giving 48 ! 3 = 144 outputs. Radiative heating
is treated as entirely subgrid, whereas the other processes have a
resolved representation on the coarse model grid and a subgrid
component represented by the RF parameterization. We do not
use the RF-parameterization to predict radiative heating for levels
above 11.8 km because it does not predict the radiative heating

a

d e

b chi-res !8 !8-RF

40

P
re

ci
pi

ta
bl

e 
w

at
er

 [m
m

]

60

20

0

45°

–45°

20°
Longitude

50° 20°
Longitude

50° 20°
Longitude

50°

La
tit

ud
e

0°

Fig. 1 Snapshots of column-integrated precipitable water taken from the statistical equilibrium of simulations. a High-resolution simulation (hi-res),
b coarse-resolution simulation (x8), and c coarse-resolution simulation with random forest (RF) parameterization (x8-RF). Insets in a show d a zoomed-in
region and e the same region but coarse-grained by a factor of 8 to the same grid spacing as in b. The colorbar is saturated in parts of panel b.
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Fig. 2 Mean and extreme precipitation as a function of latitude. a Zonal- and time-mean precipitation and b 99.9th percentile of 3-hourly precipitation,
for the high-resolution simulation (hi-res; blue), and the coarse resolution simulation with the random forest (RF) parameterization (x8-RF; orange
dashed–dotted) and without the RF parameterization (x8; green). For hi-res, the precipitation is coarse-grained to the grid spacing of x8 prior to calculating
the 99.9th percentile to give a fair comparison41.
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BIAS CORRECTION
Work with ECMWF to remove IFS Model bias

http://dx.doi.org/10.21957/pl881qs63d
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NOWCASTING
MetNet: Can beat physical models up to 8 hours

https://ai.googleblog.com/2020/03/a-neural-weather-model-for-eight-hour.html
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MEDIUM-RANGE WEATHER FORECASTING
Weather Bench: A Standardized Benchmark for Data Driven Forecasts

https://arxiv.org/abs/2002.00469

WeatherBench: A benchmark dataset for data-driven weather forecasting
Stephan Rasp, Peter D. Dueben, Sebastian Scher, Jonathan A. Weyn, Soukayna Mouatadid, Nils Thuerey

https://arxiv.org/search/physics?searchtype=author&query=Rasp,+S
https://arxiv.org/search/physics?searchtype=author&query=Dueben,+P+D
https://arxiv.org/search/physics?searchtype=author&query=Scher,+S
https://arxiv.org/search/physics?searchtype=author&query=Weyn,+J+A
https://arxiv.org/search/physics?searchtype=author&query=Mouatadid,+S
https://arxiv.org/search/physics?searchtype=author&query=Thuerey,+N
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MEDIUM-RANGE WEATHER FORECASTING
Data Driven models match accuracy of physical models on weather-bench 
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EL NIÑO PREDICTION
Deep learning model able to predict El Niño up to 18 months in advance

https://www.nature.com/articles/s41586-019-1559-7.pdf



15

RAPID INTENSIFICATION
Machine Learning improves detection by 40-200 % over operational consensus 

Wu and Soden (2017). The average IWPwithin 100 km of storm center is plotted as a function of TC intensity
for four intensi!cation groups in Figure S7a. It resembles inner!core precipitation remarkably: It increases
roughly linearly with TC intensity for each intensi!cation rate group and the intensifying (weakening)
storms have surplus (de!cit) IWP over that of neutral TCs of the same intensity. The reason for the
striking similarity between inner!core precipitation and IWP is because both quantities are correlated to
the magnitude of convective heating (Nolan et al., 2019) and stronger convective heating promote greater
TC intensi!cation (Nolan et al., 2007).

Based on TC potential intensity theory, warmer SST and colder out"ow temperature would permit stronger
maximum intensity and thus higher likelihood of intensi!cation (Emanuel et al., 2013; Wang et al., 2014).
Therefore, it is not surprising that TC intensity and intensi!cation rate are positively correlated with SST
minus 100!hPa temperature and negatively correlated with 100!hPa temperature from MLS and
MERRA!2 (Figures S5–S7). However, the composite TTL temperature differences between the weakening

Figure 1. Composite maps of surface precipitation rate (in mm hr!1) in storm!centered coordinate for tropical cyclones in four intensity and four intensi!cation
rate groups (see text for details). The precipitation is from TRMM 3B42 from 1998 to 2014.

10.1029/2020GL089102Geophysical Research Letters

SU ET AL. 4 of 10

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2020GL089102

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2020GL089102


16

FILLING-IN MISSING CLIMATE OBSERVATIONS
DL transfer learning + inpainting beats Kriging and PCA

ARTICLES
https://doi.org/10.1038/s41561-020-0582-5

1German Climate Computing Center (DKRZ), Hamburg, Germany. 2Institute of Meteorology, Freie Universität Berlin, Berlin, Germany. 3NVIDIA, Santa 
Clara, CA, USA. ᅒe-mail: kadow@dkrz.de

The deeper a research period lies in the past, the fewer observa-
tions are available. The atmospheric variable with the longest 
measurement record is the near-surface air temperature over 

land, usually at a height of 2 m. Around the globe, individual loca-
tions have temperature records from as early as the late seventeenth 
century1 (for example, Zurich, Prague and Berlin). These records 
are extremely valuable for science2, but these locations are too sparse 
to derive global or even regional statements. Station-combining 
datasets, which include measurements of sea surface temperature 
by ships, start in the mid-nineteenth century. The Fifth Assessment 
Report (AR5) of the United Nations Intergovernmental Panel on 
Climate Change (IPCC) Chapter 23 investigates three of those 
‘Global Combined Land and Sea Surface Temperature’ datasets: 
HadCRUT44, MLOST (Merged Land–Ocean Surface Temperature)5 
and GISS (Goddard Institute for Space Studies)6. The latter two 
use interpolation or smoothing techniques to reach a nearly global 
scale, starting in 1880. HadCRUT4 has more stringent conditions, 
using grid points on a 5 ! 5° grid only if measurements exist for the 
monthly analysis starting in 1850. No interpolation in grid space 
is applied. Therefore, the HadCRUT4 analysis shows many missing 
values in its early phase. However, even recent years have missing 
grid points due to incomplete global coverage of the measure-
ment stations, buoys, ships and so on. Missing values contribute to 
uncertainties and structural biases when researching our climate 
system4,7. The climate science community has spent a great deal of 
effort to estimate the missing information by developing smoothing 
and interpolation techniques5,6,8, such as kriging, in the more recent 
Berkley Earth9 and Cowtan and Way7 temperature reconstructions. 
Additionally, principle component analysis (PCA) has had a huge 
impact on infilling missing values and detecting signals in weather 
and climate datasets over the past few decades10–13. The ability of 
this technique to estimate real values from empirical orthogonal 
functions has led to successful reconstructions. In this context, even 

training based on the output of numerical models (NMs) has been 
performed on, for example, regional sea surface temperature time 
series in the Baltic Sea14.

The rapid progress in artificial intelligence (AI) research has sub-
stantially impacted many scientific fields, which includes climate 
science15,16. Examples include deep learning for the recognition of 
forced climate patterns17 or extreme events18, ensemble learning 
using bootstrap aggregation to improve decadal climate predic-
tions19 and estimating ocean heat content from tidal magnetic satel-
lite observations using neural networks20, to name a few. Recently, 
major progress has been made in image inpainting, the process of 
reconstructing missing parts of images, which has been applied 
primarily to photographs and paintings21, but also to, for exam-
ple, satellite images of sea surface temperatures22,23. In particular, 
inpainting for irregular holes using stacked partial convolutions and 
an automatic mask updating mechanism has improved the accu-
racy of image reconstructions drastically24. This partial convolution 
method outperformed several image inpainting technologies25–28 
in all three major categories29 of sequential-based, convolutional 
neural network (CNN)-based and generative adversarial network 
(GAN)-based methods. In addition to producing results of superior 
visual quality, this technique was the first to achieve high quality 
result when applied to images with irregularly shaped holes, which 
is essential for reconstructing missing values in climate datasets.

Combining AI with Earth system modelling and 
observations
We propose to develop this state-of-the-art deep learning based 
inpainting technology24 further to reconstruct missing climate 
information of global temperature patterns, especially for early 
periods with only very sparse available data records. The defini-
tion of an irregular hole in image inpainting is equivalent to the set 
of missing values found at various locations in a climate dataset.  

Artificial intelligence reconstructs missing climate 
information
Christopher Kadow! !1,2�ᅒ, David Matthew Hall3 and Uwe Ulbrich! !2

Historical temperature measurements are the basis of global climate datasets like HadCRUT4. This dataset contains many 
missing values, particularly for periods before the mid-twentieth century, although recent years are also incomplete. Here we 
demonstrate that artificial intelligence can skilfully fill these observational gaps when combined with numerical climate model 
data. We show that recently developed image inpainting techniques perform accurate monthly reconstructions via transfer 
learning using either 20CR (Twentieth-Century Reanalysis) or the CMIP5 (Coupled Model Intercomparison Project Phase 5) 
experiments. The resulting global annual mean temperature time series exhibit high Pearson correlation coefficients (!0.9941) 
and low root mean squared errors ("0.0547!°C) as compared with the original data. These techniques also provide advantages 
relative to state-of-the-art kriging interpolation and principal component analysis-based infilling. When applied to HadCRUT4, 
our method restores a missing spatial pattern of the documented El Niño from July 1877. With respect to the global mean tem-
perature time series, a HadCRUT4 reconstruction by our method points to a cooler nineteenth century, a less apparent hiatus in 
the twenty-first century, an even warmer 2016 being the warmest year on record and a stronger global trend between 1850 and 
2018 relative to previous estimates. We propose image inpainting as an approach to reconstruct missing climate information 
and thereby reduce uncertainties and biases in climate records.

NATURE GEOSCIENCE | www.nature.com/naturegeoscience
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Therefore, we can use the missing value mask provided by 
HadCRUT4. This monthly analysis spans the years 1850–2018 and 
contains 2,028 masks, which may be used to train the deep neural 
network (DNN). In image inpainting, a hole is typically replaced 
with a pattern matching a particular missing object (for example, a 
nose or car headlight) and by a linear interpolation of the surround-
ing colour pattern (for example, water or sand) learned from exam-
ples to make the image as realistic as possible24. In a climate dataset, 
the relationship between neighbouring grid points is dictated by the 
laws of physics, which include conservation of mass, momentum 
and energy. This leads to specific variability patterns, which can help 
to estimate a realistic full pattern based on sparse available data.

Hence, we trained the DNN using a large set of example atmo-
spheric states obtained from reanalysis and climate experiments 
(Extended Data Fig. 1) by NMs, which can be atmosphere only, 
coupled atmosphere–ocean climate models or Earth system mod-
els. NMs are derived by solving the primitive equations of motion. 
A DNN learns to reproduce the statistical relationships present in 
the NM data by iteratively adjusting its parameters until it can accu-
rately predict the training examples.

We used two distinct datasets for training. One includes the 
Twentieth-Century Reanalysis30 (20CR) of the National Oceanic 
and Atmospheric Administration, used to train the 20crAI model. 
The other is the historical experiment of the Coupled Model 
Intercomparison Project Phase 5 (CMIP531), used to train the 
cmipAI model. 20CR is based on the available surface observa-
tions of synoptic pressure, monthly sea surface temperature and 
sea ice distribution, which have been assimilated into the model. 
It uses only the atmospheric component of an Earth system model. 
In more detail, 20CR consists of 56 ensemble members, differing 
between each other, as the assimilated data do not fully prescribe 
the global atmosphere. The CMIP5 historical experiment, in con-
trast, consists of a number of model runs carried out with different 
numerical codes. In addition, most of these models consist of dif-
ferent number of ensemble realizations, which lead to 145 experi-
ment NM runs (Extended Data Fig. 10). These runs are driven by 
boundary conditions, such as volcanic eruptions, greenhouse gas 
concentrations and so on, rather than assimilated data, but their 
atmosphere and ocean submodels are fully coupled.

The 20crAI (cmipAI) model was trained using 1,656 (1,860) 
months of data from 55 (144) out of 56 (145) ensemble members, 
a total of 92,400 (269,568) training examples. Additional, ran-
domly selected members, that is, the 56th (145th) members, were  

completely excluded from training the statistical approach and 
used only for evaluation and to test reconstructions (Methods). 
Additionally, we performed cross-validation of the two AI models 
by attempting to predict the held-out ensemble members from the 
other dataset. This enabled us to estimate the ability of each model 
to generalize to data beyond its own dataset. To ensure compara-
bility, the evaluation and test reconstructions were carried out on 
the period (1870–2005) of time common to both the 20CR and the 
CMIP experiments. In the following, we use the term ‘masked’ to 
indicate that the investigated climate data set has the same missing 
values as HadCRUT4 at each relevant time step.

We investigated if the restoration of the masked data using the 
AI technology is better than two alternative approaches and bench-
mark technologies previously applied to obtain global gridded tem-
perature fields. These are a state-of-the-art kriging method7 and an 
established PCA-based infilling10. After training and detailed vali-
dation of the independent test datasets, we applied both DNNs to 
reconstruct the missing climate values in HadCRUT4, to build and 
investigate new monthly climate datasets.

Proof-of-concept on model data with HadCRUT4 missing 
values
The exemplary experimental setup (Fig. 1) shows that each DNN can 
be trained to accurately predict the missing values from its held-out 
ensemble member in two example months. In each case, the neural 
network was able reconstruct a temperature anomaly field that is in 
qualitatively good agreement with the true values, when applied to 
data from its held-out ensemble member. This was true for both the 
warm and cold eastern Pacific case. To quantify the accuracy of the 
DNNs, we reconstructed the full time series for all the grid points 
and evaluated the annual global mean in comparison with the origi-
nal and masked time series of 20CR (Fig. 2). Particularly in the early 
period, the masked time series of 20CR as the baseline for the eval-
uation shows a warm bias most probably imposed by the missing 
values32. With far fewer missing values present in the later period, 
the masked time series is closer to the original dataset. The 20crAI 
and cmipAI models achieve high temporal correlation (r ! 0.9941) 
and a low error (root mean square error (r.m.s.e.) " 0.0547) when 
evaluated on their own held-out member and in cross-validation 
(Extended Data Fig. 4). As each DNN was trained on an indepen-
dent dataset, it appears that both models have successfully learned 
to respect the underlying physical patterns and connections within 
the data. Both deep learning models are closer to and predict the 

Original (ground truth) Masked with missing values 20crAI reconstruction cmipAI reconstruction

Warm
Pacific

example

20CR
56th

member

Cold
Pacific

example

5 ! 5° (remap) Anomalies (61–90) Input for AIs Output composition Output composition

a b c d

e f g h

Fig. 1 | AI models reconstruct two exemplary monthly show cases with many missing values. a–h, Warm (September 1877) (a–d) and cold (August 
1893) (e–h) eastern Pacific examples explain the reconstruction pathway of the held-out 56th member from 20CR. Shown are temperature anomalies in 
degrees centigrade with respect to the 1961–1990 climatology. The ground-truth original data (column 1), masked datasets with missing values (grey) of 
HadCRUT4 (column 2), output by 20crAI (column 3) and output by cmipAI (column 4). Missing value masks are taken from the matching time step in 
HadCRUT4. More examples in the Supplementary Information.

NATURE GEOSCIENCE | www.nature.com/naturegeoscience
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SCIENTIFIC CHALLENGES



18

SCIENTIFIC CHALLENGES

• Data Labelling

• Limited Data

• Enforcing Physical Constraints

• Uncertainty Quantification

• Trustworthiness and Interpretability

• HPC - AI Coupling

• Loss of Dynamic Range

• Data Movement

• Numerical Stability

• Generalization

Problems that arise when applying AI to science
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DATA LABELLING
How can we get enough labelled data?

Self-Supervised Learning
Predicting input B from input A

Active Learning
Using human machine iteration to 

make labelling easier

Data Fusion
Using one data source 

as the label for another

Reinforcement Learning
Obtaining labels directly from the 

environment or simulation
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DATA LABELLING
Online Extreme-Weather Labelling Tool

ClimateNet: an expert-labelled open dataset and Deep Learning
architecture for enabling high-precision analyses of extreme weather
Prabhat1,2,*, Karthik Kashinath1,*, Mayur Mudigonda1,10,*, Sol Kim2, Lukas Kapp-Schwoerer3,

Andre Graubner3, Ege Karaismailoglu3, Leo von Kleist3, Thorsten Kurth4, Annette Greiner1,
Kevin Yang2, Colby Lewis2, Jiayi Chen2, Andrew Lou2, Sathyavat Chandran5, Ben Toms6,
Will Chapman7, Katherine Dagon8, Christine A. Shields8, Travis O’Brien9,1, Michael Wehner1, and
William Collins1,2
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8National Center for Atmospheric Research, Boulder, CO, USA
9Indiana University, Bloomington, IN, USA
10Terrafuse, Berkeley, CA,USA
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Figure 4. Comparison of expert labels from the ClimateNet dataset (left column) and DL segmentation model predictions (right column).

The “bluemarble” map in the background included via Matplotlib’s Basemap library is ©NASA.
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https://gmd.copernicus.org/preprints/gmd-2020-72/gmd-2020-72.pdf
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ENFORCING PHYSICAL CONSTRAINTS
Is the solution physically correct?

Conservation of Mass, Momentum, Energy, Incompressibility, 
Turbulent Energy Spectra, Translational Invariance

Loss Penalization, Hard Constraints, Projective Methods, 
Differentiable Programs
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ENFORCING PHYSICAL CONSTRAINTS
Physics Informed Neural Nets

https://maziarraissi.github.io/PINNs/
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ENFORCING PHYSICAL CONSTRAINTS
NVIDIA SimNet

https://www.youtube.com/watch?v=Oq2Mpi5pF1w 
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UNCERTAINTY QUANTIFICATION
How certain is the prediction?

https://www.researchgate.net/figure/Illustration-of-Gaussian-process-regression-in-
one-dimension-for-the-target-test_fig1_327613136
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UNCERTAINTY QUANTIFICATION
Methods for quantifying uncertainty

https://www.inovex.de/blog/uncertainty-quantification-deep-learning/
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UNCERTAINTY QUANTIFICATION
Methods for quantifying uncertainty

Gaussian process inference Separation of error types
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INTERPRETABILITY
What criteria were used in this prediction?

https://lrpserver.hhi.fraunhofer.de/image-classification

Layer-wise Relevance Propagation (LRP)
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INTERPRETABILITY
Backwards optimization and Layerwise Relevance Propagation applied to ENSO

https://doi.org/10.1029/2019MS002002
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INTERPRETABILITY
LIME: Local interpretable model-agnostic explanations 

https://arxiv.org/pdf/1602.04938.pdf
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FORTRAN / AI COUPLING
How can I glue my AI and HPC code together?

+

(Python)
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FORTRAN / AI COUPLING
Many solutions. None ideal.

Use Julia. Call Fortran Use C++ Instead Ok, but limited Missing: Native API Missing: Fortran Bindings
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OVERCOMING LOSS OF DYNAMIC RANGE
Ensemble mean always has less variability than the ensemble members
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OVERCOMING LOSS OF DYNAMIC RANGE
Stochastic Parameterizations
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TRENDS AND 
BREAKTHROUGHS
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SELF-SUPERVISION
Babies learn about the world without large labelled datasets. AI can too.
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SELF-SUPERVISION
Pretext tasks build up an internal representation

https://arxiv.org/pdf/1806.09594.pdf

PREDICT COLOR PREDICT SPATIAL RELATIONSHIPS PREDICT ORIENTATION

PREDICT TEMPORAL ORDER PREDICT MISSING PIECES
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THE TRANSFORMER
Has enabled a series of enormous language models

encoder-decoder-transformersbest language papers

M
IL

LI
O

N
S 

of
  P

AR
AM

ET
ER

S
8.3 Billion

GPT-3
175 Billion

Params

https://medium.com/huggingface/encoder-decoders-in-transformers-a-hybrid-pre-trained-architecture-for-seq2seq-af4d7bf14bb8
https://medium.com/@Moscow25/the-best-deep-natural-language-papers-you-should-read-bert-gpt-2-and-looking-forward-1647f4438797
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GPT-3
(July 2020) Current king of the languages models. Based upon the transformer
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NEW HARDWARE AND 
SOFTWARE TOOLS
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5 MIRACLES OF A100

NVIDIA Ampere Architecture
World’s Largest 7nm chip

54B XTORS, HBM2

3rd Gen NVLINK and NVSWITCH
Efficient Scaling to Enable Super GPU

2X More Bandwidth

3rd Gen Tensor Cores
Faster, Flexible, Easier to use 

20x AI Perf with TF32
2.5x HPC Perf 

New Sparsity Acceleration
Harness Sparsity in AI Models

2x AI Performance

New Multi-Instance GPU
Optimal utilization with right sized GPU

7x Simultaneous Instances per GPU
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OMNIVERSE
Interactive Raytracing for Data Visualization And Graphical User Interfaces

https://developer.nvidia.com/nvidia-omniverse-platform
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OMNIVERSE
Interactive Raytracing for Data Visualization And Graphical User Interfaces
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PYTORCH LIGHTNING
API to standardize and accelerate your PyTorch models

https://reproducibility-challenge.github.io/neurips2019/resources/
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PYTORCH-LIGHTNING BOLTS
Lightning implementations of popular models, optimized for GPUs



Summary

• AI for science is advancing rapidly!
• Good progress on scientific challenges
• Reviewed major trends in AI
• Looked at powerful new hardware and 

software tools you can use

dhall@


