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>>» Current status of dynamical forecast systems and imperfections
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>»>» ENSO prediction based on LeNet-5 CNN and CGCMs
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>>» ResoNet: Combining CNN and Transformer for ENSO forecast
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)) Predictions of IOD using a multi-tasking DL. model

SON MAM & JJA
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)) Improve JJA precipitation prediction using two-step UNet
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)) CycleGAN for correcting extreme precipitation forecast over China
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)) Diffusion probabilistic model for climate downscaling

Reconstruction of past 180yr
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)) Al global weather forecast model (Fengwu)

0-14 days forecasts (Ax = 25 km, global)
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>»>» Fengwu-GHR model (Ax = 9 km, global)

Weather station evaluation on Jul. Weather station evaluation on Dec.
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Fengwu-W2S: weather-to-subseasonal ensemble forecast model

Model structure o v g ™ Weather forecast skill
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)’ ORCA-DL: A global ocean emulator for seasonal to decadal predictions
(Ax=100 km, 16 layers within 0-1000m)
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)) A LSTM model for Arctic sea ice prediction

The skill based on long short-term memory networks is comparable to ECMWF-C3S

LSTM network structure Predicted sea ice cover in Sep.

SIC in September 2016
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>>» Al forecast of ocean wave
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)) Improve probabilistic forecast of JJA precipitation using Conditional Variational auto-Encoder

ROCSS of PP ROCSS of NUIST-CFS 1.0
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>»

Al correction of WW3 wave forecasts

(€) WW3-72h

(f) BU-72h (k) WW3-72h () BU-72h

b

°E

120°E 125°E 130°E 135°E

120°E 125°E 130°E 135°E 120°E 125°E 130°E 135 120°E 125°E 130°E 135°E

- "

RMSE (m) Correlation Coefficient
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.80 0.83 0.86 0.89 0.92 0.95 0.98
(d) ERAS: 2021-07-23
10N P B
128 64 64 2 o
input output 35°N N
Imatﬁz i ’_7 i segmentation 3
2 44 map 30°N |-
%i 25“N"
'128 128 z
256 128
Mf - (h) ERA5: 2021-07-24 (i) WW3 (i) BU-Net
¥ 25 25 512 755 ] % 7 ;
512 56 4 °N Aeanis ¥
N?I:I"”l *‘[IEI?:I = conv 3x3, ReLU 9
TN gy & i ~ copy and crop 3
512 512 10 12 a5oN |- S T ||
%I:.... o i § max pool 2x2
R Y $5 5 4 up-conv 2x2 .
- = conv 1x1 30N L Lo\ |
Unet g " o " ; :

120°E

125°E130°E135°E 120°E125°E130°E135°E 120°E125°E130°E135°E

D Sun, W Huang, Y Luo, J-J Luo, J S Wright, H Fu, and B Wang,

GRL, 2022, https://doi.org/10.1029/2022GL100916

Significant Wave Height (m)




>»

Al correction of GFS winter precipitation forecast
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Data assimilation
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Fig. 5 RMSE and Bias skill of FengWu-Adas in GDAS experiments. Rows 1 and 3 show
the RMSE of the analyses for main variables over the year, and rows 2 and 4 show the Bias for
them. The different colors represent the analyses after assimilating all data and non-satellite data,
as marked in the bottom, and the black crosses indicate that the observations at the corresponding
time are missing. The results indicate the ability of our method to assimilate real observational data
and the potential for practical applications. See the caption of Fig. 3 for all other details.
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>>» Al ensemble global weather forecast (FuXi-ENS)
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