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What are equatorlal Waves? Ke |n wave: ERA5, 2023-02-22T00 (u WI )
@ Equatorial waves are eigenmodes of the tropical
atmosphere (typical wavelengths of 1000-10 000 km). The
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® They are a key process in tropical weather development
since they can couple to convection and thus modulate 60°3
rainfall. They also influence extratropical weather.
@ Equatorial waves are a source of predictability: A good
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Wave amplitudes in medium-range forecasts T . -averaged ab P
e time-averaged absolute wind speed in the evaluation data
@ Wave amplitudes depend on @ With increasing lead times, Kelvin wave ® The data-driven Pangu-Weather, NeuralGCM, and AIFS models outperform the numerical IFS
wavetype, season, and longitude. amplitudes decrease in the model forecasts model in Kelvin wave activity bias
IFS Analysis: Kelvin wave activity at 0°N in 2023 Kelvin wave: Hovmdller diagramms at 0°N for different lead times @ Biases are high in regions of the highest wave activities
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Wave patterns in medium-range forecasts Role of initial conditions and evaluation datasets
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@ The Pearson Correlation Coefficient is computed between the model forecast f and the Comparison of data-driven forecasts initialized _ , (2) Kelvin wave (u-wind) _ , () R1 wave (u-wind)
evaluation dataset (analysis data) a for each lead time individually: from and evaluated against IFS Analysis and i i RS, el RS e |
M ’ = / — ERA5 097 :—- :::t :Itz 2:::?:2 2:::; :EFF‘;AASnaIysis 097
: _ i=1(fi —f)(a; —a’) . _ )
Pearson Correlation Coeff. = , i € {lat,lon} N - 2 sl sl
2 / rad I} — . § | 1.00 | 1.000
\/[Zi\il(fz — )2 Ii\il(ai —a )2] Initial conditions : S SN
@ The impact of the initial conditions on the Sorp T 07f gl
@ The numerical IFS model is outperformed in wave correlation for each wavetype by equatorial wave representation is model S | oot X
. g - 0 06F 0.6 | >*%°F
data-driven forecasts, independent of the evaluation dataset. dependent: GraphCast (std) shows the T | :
1 1 1 e 0930 05 10 15 2.0 0-979 5 o5 10 15 2.0
2023: models initialized from IFS Analysis largest difference in correlation when sy S
(a) Kelvin wave (u-wind) (b) R1 wave (u-wind) evaluated against ERAS or IFS Ana|y.SIS, 3 1.0 o vave wind) 1.0 9 WMRG wave {vwind)
1.0 1.01= whereas for Pangu-Weather, correlations 7 h
are similar. S osf 0.0}
0.9 0.9 § 0.8} 0.8} )
Evaluation data: N
T 0.7} TN
0.8 0.8 @ The choice of the evaluation dataset has B RN \
) AIFS little effect on the conclusions, in | O8F Ll ‘
n . i :
> Aurora (ft) particular at lead times larger than 2 days. S S
© —e— Aurora (std) 055 2 5 6 8 10 %0 2 4 6 g 10
< 0.7F —«— FourCastNet 0.7 lead time in days
W —_——
& GraphcaSt (ft) average Kelvin wave activity bias (model (ERA5 init)-ERA5) from 2023-01-01 to 2023-12-30
F)‘ — GraphCast (std) (a) Aurora (std) (b) GraphCast (std) (c) GraphCast (ft) (d) FourCastNet (e) NeuralGCM (f) Pangu-Weather
0.6 |- 0.6 10 10 10 10 == “a 10 10
'8 —— |FS N - v 45 9
c —— NeuralGCM = 8 il °r °r °r 2 i
_TE’ —«— Pangu-Weather < i | | | | N %
O 0.5O é 0.5 £ 4 4 4t 4 4t 4t o 3
kS ? 2 2 2 2 2t 2 15 E
= (c) R2 wave (u- 2 | | | | R
o 10~ 1.0 i . i . B o S o By ) B % ¢ 0y
O g 0° 60°E ] 1“80° 60°W 0° 60°E ] 1“80° 60°W 0°0°E ) 1“80° 6W O°0°E ) 1“80° 6W 0°0°E ) 1“80° 6W 0°0°E ) 1“80° 6W _45g
- degrees longitude
RS,
)
© 09} 0.9
G) | | | |
-
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