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Question: Is poor simulation of convection in the

tropics undermining NWP on all timescales?

Convection in the tropics
significantly impacts global weather
on numerous timescales through
atmospheric teleconnections.

Examples include ENSO and the
M]JO.

Thus, poorly simulated tropical
convection could reduce NWP skill

on many temporal/spatial scales.



Motivating questions

e How does global model skill degrade with lead time?

e How does the representation of tropical convection change
with lead time?

e (Can some of the skill decline be explained by poor
simulation of tropical convection?



Verification methodology

Forecasts used:

e 4-member CFSv2 reforecast ensemble mean
e 9-month forecasts

e Initialized every 5 days during 1982-2008
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Verification dataset:
e GDAS analyses

Temporal timescales:
e Ranging from daily to seasonal

e Weekly-average forecasts primarily used here

Diagram from Saha et al. 2014



CFSv2 skill vs lead time



7500 MAE vs lead time
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7500 MAE vs lead time
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CHI200 MAE vs lead time

CFSv2 CHI200 forecast MAE
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SST MAE vs lead time

CFSv2 SST forecast MAE
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CHI200 annual bias

CFSv2 1-week-ave CHI200 forecast Bias Week 4
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SST annual bias

CFSv2 1-week-ave SST forecast Bias Week 8
# of forecasts: 1951

e Warm bias in
subtropical
stratocumulus
environments

e Misplaced
boundary currents

e Toocoldin
equatorial East
Pacific (El Nino

<@l |  ———r—— region)

Kelvin

0° 30°E 60°E 90°E 120°E 150°E 180° 150°W  120°W 90°W 60°W 30°W




Initial questions/observations

e Why does extended SST skill not project onto the
atmosphere, e.g. CHI200 and Z5007?

e How do the mean state biases impact simulated tropical
convection?

e The mean state biases in SST and CHI200 do not seem to
correlate with one another



How tropical conveciion
forecasts change with
lead time



A) Hovmoller comparison:
analyses vs a single CFSv2
forecast



CHI200 Hovmoller: analyses vs single forecast
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CHI200 Hovmoller: analyses vs single forecast

Time period:
Spring/summer 2005

Forecast initialization:
March 12, 2005

Short leads:

Clear propagating features
(albeit with slower phase
speed)

Long leads:
Non-propagating anomalies
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CHI200 Hovmoller: analyses vs single forecast

MORE EXAMPLES

Time period:
Winter/spring 1987-1988

Forecast initialization:
November 17, 1987
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CHI200 Hovmoller: analyses vs single forecast

1-weekave CHI200 from 10-01-1996 to 05-01-1997
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B) MJO Hovmoller composites
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CHIZ00 Hovmoller composites

1-weekave CHI200 "all" MJO composite: 163 events
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CHIZ00 Hovmoller composites

Long leads:

No M]JO signal.

Model biases
dominate, e.g.
dry equatorial
land and wet
West Pacific
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CHIZ00 Hovmoller composites

* Lead-
dependent
1982-2008
bias removed
from forecasts

days from MJO initiation

1-weekave CHI200 "all" MJO composite: 163 events
r=0.53

GDAS analysis

CFSv2 forecast init: -30 day(s) from MJO onset
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CHIZ00 Hovmoller composites

1-weekave CHI200 "all" MJO composite: 163 events
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C) Wavenumber- frequency
power spectra



Space-time power spectrum - satellite obs
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Space-time power spectrum - analyses

OLR power -- symmetric
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Space-time power spectrum - CFSv2 forecasts

e Last 90 days of CFSv2
9-month forecasts

e M]JO and Kelvin
waves are less
distinguished from
each other and from
the background
spectrum

e Power over a wider
range of
wavenumbers and
frequencies
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Raw power ratio: CFSv2 vs analyses

OLR power ratio -- symmetric [(last 90 fcst days) / (analyses)] - 1
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Conclusions so far

e CFSv2 tropical convective skill does not permeate far into the
subseasonal time range (only the first few weeks of a forecast)

e Robust biases in the model’s tropical convection and moisture
fields may inhibit the formation of realistically propagating

convective features like the MJO
o The wet bias in the west Pacific likely acts to inhibit M]JO
propagation (Kim et al. 2014)

e The lack of coherence between the SST biases and CHI200 biases,
and the extended SST forecast skill, suggests that the issue lies in
the atmospheric model, rather than the ocean



Some thoughts on parameterized convection

e C(Convective parameterizations can affect
propagating convection in two ways:

1. Indirect effect: Changing the mean state |¢

in the model, which has a huge impact
on features like the MJO

2. Direct effect: Altering the simulated
convectively-coupled waves
themselves by poorly representing the
interactions between clouds and
dynamics

e We should test to see how propagating
convection might improve with explicit
convection in the tropics

CHI200 bias

Low OLR

West East

Schematic from wunderground.com



Convection-permitting models are able to...




Convection-permitting models are able to...

e Realistically simulate MJO events
(e.g., Miura et al. 2007)
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Convection-permitting models are able to...

e Realistically simulate MJO events
(e.g., Miura et al. 2007)
e More accurately reproduce the

Land ONICAM-3.5km
+NICAM-7km
ONICAM-14km

rainfall diurnal cycle (Sato et al.
2009)
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Convection-permitting models are able to...
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Convection-permitting models are able to...

e Realistically simulate MJO events (a) 1-km, Explicit.

(e.g., Miura et al. 2007)

e More accurately reproduce the
rainfall diurnal cycle (Sato et al.
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Convection-permitting models are able to...
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(e.g., Miura et al. 2007) e -
e More accurately reproduce the =t =1

rainfall diurnal cycle (Sato et al. :: ::f:

2009) o =
e Improve the distribution and a2l S

characteristics of deep convection in Gany  u

the tropics (Inoue et al. 2008) Qa1 1 ou01
e Improve the propagation 0 R -ty il i)

Deci10 e

s oo 10 I e

characteristics of convection

how30 Maow/30

o In the midlatitudes (Davis et al. oo I
2003) oo

o And in the tropics (Wang et al. et
2015) ouve1 S

Coatil

Nov/zo

Mawv/10
= Octal
Qe

- et

Ceto1 + . - Ceta ' = -
50 &0 70 f-Ui] 40 100 1140 5 &0 70 B4 ag 00 110




Convection-permitting models are able to...

e Realistically simulate MJO events
(e.g., Miura et al. 2007)

e More accurately reproduce the 1000 v B —
rainfall diurnal cycle (Satoetal. .-
2009) g 10801 4~ ~ -
e Improve the distribution and I
characteristics of deep convection in 3
the tropics (Inoue et al. 2008) % e 3
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e Mitigate the issue of “too much light
rain” in many models (Holloway et
al. 2012)



Moving forward: a grand experiment

The plan: Test a convection-allowing subseasonal forecast

framework
a. Use a variable-resolution model, such as MPAS
b. 1-2 month integrations
c. High-resolution mesh (2-4 km) over the global tropics to allow
explicit convection

MPAS

for Prediction Across Scales




Questions that will be addressed:

1. How will explicit convection in the tropics change the mean
state (i.e., the biases) in the model?

2. Does explicit convection produce more realistic propagating
convection, like the MJO?

3. Will the improved tropical convection, and the associated
midlatitude teleconnections, improve the fidelity of global
subseasonal prediction?



Thank you
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GFS tropical convection
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CHI200 Hovmoller: analyses vs week-1 forecasts

Time period:
Spring/summer 2005

* CHIZ00 averaged from 5S to
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CHI200 Hovmoller: analyses vs week-1 forecasts
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CHI200 Hovmoller: analyses vs week-2 forecasts

Time period:
Spring/summer 2005

Short leads:

Clear propagating features in
both the analyses and
forecasts
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CHI200 Hovmoller: analyses vs week-3 forecasts

Time period:
Spring/summer 2005

Short leads:

Clear propagating features in
both the analyses and
forecasts
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CHI200 Hovmoller: analyses vs week-4 forecasts

Time period:
Spring/summer 2005

Short leads:

Clear propagating features in
both the analyses and
forecasts
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CHI200 Hovmoller: analyses vs week-5 forecasts
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