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Predictability and Prediction

e Land states (namely soil moisture*) can provide predictability
in the window beyond determlnlstlc (weather) into climate (O-

A) time scales.
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* The “S2S” range is a hot
topic in operational

forecast centers now.
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Predictability and Prediction

e Land states (namely soil moisture*) can provide predictability
in the window beyond deterministic (weather) into climate (O-

A) time scales. ‘ /
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Modern Land-Atmosphere Paradigm

* Coupling (Sensitivity)
— When and where is there an active feedback
from land surface states to the atmosphere?
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Modern Land-Atmosphere Paradigm

* Coupling (Sensitivity)
— When and where is there an active feedback

from land surface states to the atmosphere?
— Two-legged: land state to surface flux; surface
flux to atmospheric properties/processes.
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Modern Land-Atmosphere Paradigm

* Coupling (Sensitivity)
— When and where is there an active feedback
from land surface states to the atmosphere?
— Two-legged: land state to surface flux; surface
flux to atmospheric properties/processes.
e Variability
— A correlation results in a significant impact only
where the forcing term fluctuates sufficiently in
time.
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Modern Land-Atmosphere Paradigm

* Coupling (Sensitivity)
— When and where is there an active feedback
from land surface states to the atmosphere?
— Two-legged: land state to surface flux; surface
flux to atmospheric properties/processes.
e Variability
— A correlation results in a significant impact only
where the forcing term fluctuates sufficiently in
time.
* Memory
— If the forcing anomaly does not persist, the
impact will be minimal.
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Modern Land-Atmosphere Paradigm

* Coupling (Sensitivity) “Shake vigorously for
— When and where is there an active feedback | 45 seconds’
from land surface states to the atmosphere? (o N
— Two-legged: land state to surface flux; surface
flux to atmospheric properties/processes.
e Variability
— A correlation results in a significant impact only
where the forcing term fluctuates sufficiently in
time.
* Memory
— If the forcing anomaly does not persist, the
impact will be minimal.
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Hotspots of Land-Atmosphere Coupling

¢ The G IObal La nd-AtmOSphere SJJA Land-AtmnsPere Coupling Strength, Averaged Across AGCMs o1z

L = = C.11

Coupling Experiment (GLACE): - S
' A £.10

12 weather and climate models
differ in their land-atmosphere
coupling strengths, yet “hot
spots” emerged in transitions
zones between arid and humid

climates.
“Famous” figure from Science paper which became used (and
over-used) to justify the role of the land surface in climate.
This includes sensitivity and variability but not memory!
Koster et al. (2004; Science) /
= CO[A GEORGE
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Hotspots of Land-Atmosphere Coupling

e The Global Land_Atmosphere JJA Land-Atmosphere Coupling Strength, Averaged Across AGCMs
Coupling Experiment (GLACE): - L” % Ty 1 Bos
12 weather and climate models | % _
differ in their land-atmosphere
coupling strengths, yet “hot
spots” emerged in transitions
zones between arid and humid
climates.

* These largely correspond to
major agricultural areas!

* Thus, places of intense land

“Famous” figure from Science paper which became used (and

management are also where over-used) to justify the role of the land surface in climate.
atmosphere IS most sensitive This includes sensitivity and variability but not memory!
to the land state! Koster et al. (2004; Science) V4
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Coupled Feedback Loop

Precipitation
Evap
Soll
Moisture
Arid Humid
z
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Arid regime:
ET (mostly surface

evaporation) is very
sensitive to soil

wetness variations,
but the dry

atmosphere is

unresponsive to small
inputs of water vapor.

W—ET
Arid

ETAP

Coupled Feedback Loop

Precipitation

Evap

Soil

Moisture
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Arid regime: Coupled Feedback LOOP Humid regime:
ET (mostly surface Small variations in evapo-

evaporation) is very Precipitation ration affect the
sensitive to soil conditionally unstable
wetness variations, Evap atmosphere (easy to trigger
but the dry clouds), but deep-rooted
atmosphere is Soil vegetation (transpiration) is
' 1 : ' '
unresponsive to sma Moisture no.t responsive t.o t.yplcal
inputs of water vapor. soil wetness variations.
W—ET ET—P
Arid Humid
ET/P WAET
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“\
—=
_\\. CeeomiresAmesprere

Translating Process Understanding to Improve Climate Models 15 October 2015 P. A. Dirmeyer bR e,




Arid regime: Coupled Feedback LOOP Humid regime:

ET (mostly surface c ei us Small variations in evapo-
evaporation) is very Precipitation ration affect the

sensitive to soil conditionally unstable
wetness variations, Evap atmosphere (easy to trigger
but the dry clouds), but deep-rooted

atmosphere is Soil

unresponsive to small
inputs of water vapor.

vegetation (transpiration) is
not responsive to typical
soil wetness variations.

W ET ln_between, soil wethess sensitiv ET P

and atmespheric “pre-conditioning”
both have some effect.

Moisture

Humid

WAET
z
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Feedback Via Two Legs

 GLACE coupling strength for summer soil moisture to
rainfall (the “hot spot”) corresponds to regions where
there are both of these factors:

-99% -95% 90% 95% 99%

AP = ASM - AE - AP
Y N ~ .
Feedback path: Terrestrial leg Atmospheric leg

200 400 800 1200 1600

= EOA
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Feedback Via Two Legs

 GLACE coupling strength for summer soil moisture to
rainfall (the “hot spot”) corresponds to regions where
there are both of these factors:

* High correlation between daily soil moisture and
evapotranspiration during summer [from the GSWP
multi-model analysis, units are significance
thresholds], and

-99% -95% -90 90% 95% 99%

. “\e -
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Feedback path: Terrestrial leg Atmospheric leg
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Feedback Via Two Legs

 GLACE coupling strength for summer soil moisture to
rainfall (the “hot spot”) corresponds to regions where
there are both of these factors:

High correlation between daily soil moisture and
evapotranspiration during summer [from the GSWP
multi-model analysis, units are significance
thresholds], and

High CAPE [from the North American Regional
Reanalysis, J/kg]

AP = ASM - AE - AP
Atm(:s;heric leg

Feedback path: Terrestrial leg

.03 0.03
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GLACE-2: A 12-Model Prediction Experiment

Series 1:

realistic initial land surface ‘ Perform ensembles
S of retrospective
realistic initial atmospheric ‘ seasonal forecasts
states *
Prescribed, observed SSTs

Evaluate
forecasts

against
observations

Series 2:

‘ Perform ensembles

of retrospective

Evaluate
forecasts

seasonal forecasts

' observations
Prescribed, observed SSTs £

against

realistic initial
atmospheric states
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2m Temperature Forecast Skill Improvement

Land Initialization

days ?
* Garbage in — garbage out. o \ .3-.‘.',;{;_.5- ]

— Need good meteorological forcing

data as input to these “offline” land

surface models, especially rainfall.

IIIIII[|| IIIII|]|] IIIIIIIII L1

1O o |

—
=
e
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1.0

GPCP Precipitation Gauge Density ——>

Land-Derived Predictability —>

. - < 0.01 o 0040056 @ 0.08-0.09
Red: Large Improvement . 01002 o 005008 @ 0.09-0.10

Black: No Improvement = 002003 ©008007 @ =010
‘ Koster et al. (2011: JHM) | _ > 003-004 © 007008 =
= COIA N GEOQORGE
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2m Temperature Forecast Skill Improvement

10.0

Land Initialization w0 1630

o
+

* Garbage in — garbage out.

IIIIII[|I Illllm| IIIIII||] 111

0.1
0.001

— Need good meteorological forcing

data as input to these “offline” land

100.0

10.0

surface models, especially rainfall.

1O o |

— Greatest improvements in forecasts

IIIIII[|| IIIII|]|] IIIIIIIII L1

with “realistic” initial soil moisture are

—
=
e
o

where there is sensitivity & variability

& memory & high rain gauge density!

1.0

GPCP Precipitation Gauge Density ——>

Land-Derived Predictability —>

. - < 0.01 o 0040056 @ 0.08-0.09
Red: Large Improvement . 01002 o 005008 @ 0.09-0.10

Black: No Improvement = 002003 ©008007 @ =010
‘ Koster et al. (2011: JHM) | _ > 003-004 © 007008 =
= COIA N GEOQORGE
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2m Temperature Forecast Skill Improvement

Land Initialization

days

10.0

IIIIII[|I Illllm| IIIIII||] 111

* Garbage in — garbage out. T of
. . Q.1
— Need good meteorological forcing 2 ooo
(%p] =
. . - u
data as input to these “offline” land D 1000 .
surface models, especially rainfall. & 100 P
> =
. i © R ]
— Greatest improvements in forecasts O "PEsT
. ° . ° ° . ° . C D1 _
with “realistic” initial soil moisture are g oo
. . N S 3
where there is sensitivity & variability ‘g 1000 -
o :
& memory & high rain gauge density! £ oo .
T : o ~
— So-called “land data assimilation” still &
o . O o
not assimilating any data — working 0.001 . . N
_ Land-Derived Predictability —>
on It... . . <001 o 0.04.006 @ 0.08-0.09
Red: Large Improvement . ;01002 o 005006 @ 009010
Black: No Improvement = 002003 © 0086007 @=>010
‘ Koster et al. (2011: JHM) | - ° 003004 © D070 /550,35:
—COLA N
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Finally Data!

* |n situ fluxes (FIUXNET,
ARM/CART, field
campaigns, etc.), soil
moisture networks of
networks (NASMDB, ISMN)
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Finally Data!

In situ fluxes (FIUXNET,
ARM/CART, field

campaigns, etc.), soil
moisture networks of
networks (NASMDB, ISMN)

 Remote sensing (orbital, _‘ F | ol
radar, lidar, cosmic ray, =S| = @

Growth of FLUXNET
683 Towers as of 4/1/2014

; m South America T
= North America
W Europe
m Australia/Oceania
- Asia

-A"‘ca |||||||

S S P P P P S P o o ® S D> D D
s°fP RCHEGHEC PG IR R S xﬁx@w@ & m@‘x@ '\.@Q"SP ~® '\959'\9 '\9 DT DT AP

GPS, etc.)
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Finally Data!

In situ fluxes (FIUXNET,
ARM/CART, field
campaigns, etc.), soil
moisture networks of
networks (NASMDB, ISMN)

 Remote sensing (orbital,
radar, lidar, cosmic ray,

GPS, etc.)
* Long time series, co-

location, QC are essential —

we need land & PBL
measurements together!!
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Remote Sensing

 Satellites hold much promise for
monitoring soil moisture globally.

SMOS

AMSR2

Ratio of Random to Real StdDev

v O, et R
105W

] i M .-..
R D

120W 115W 105W

0.1 015 02 025 03 035 04 045 05 055 0.6

Courtesy: Sujay Kumar (NASA/GSFC) J
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Remote Sensing

 Satellites hold much promise for
monitoring soil moisture globally.

SMOS

 We can estimate random measure-

ment error of red-spectrum data like
soil moisture from the statistical

behavior of lagged autocorrelations.

AMSR2

105W 95W 90W

| |
0.1 015 02 025 03 035 04 045 05 055 0.6

Courtesy: Sujay Kumar (NASA/GSFC) J /

. . . E . L Cerierir
Translating Process Understanding to Improve Climate Models 15 October 2015 P. A. Dirmeyer N—— o s l‘ l‘ﬁ. 'ﬁ. ‘E‘ . "i




Remote Sensing

 Satellites hold much promise for
monitoring soil moisture globally.

SMOS

 We can estimate random measure-

ment error of red-spectrum data like
soil moisture from the statistical

behavior of lagged autocorrelations.

 We find accuracy “hot spots” that
seem to correspond to ground-truth

cal-val sites! Suggests we need much

AMSR2

more “ground truthing” of satellite
data than has been done so far.

Ratio of Random to Real StdDev

120W 115W 110W
.- L . !
SIN T ™=
i S +
4N 1G5

45N 1

42N
\
39N
36N
33N

30N 1

- ’5: B

120W 115W 110W 105W 100W 95W 90W 85W

| |
015 02 025 03 035 04 045 05 055 0.6

0.1

Courtesy: Sujay Kumar (NASA/GSFC) /
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Remote Sensing

 Satellites hold much promise for
monitoring soil moisture globally.

SMOS

 We can estimate random measure-

ment error of red-spectrum data like
soil moisture from the statistical

behavior of lagged autocorrelations.

 We find accuracy “hot spots” that
seem to correspond to ground-truth

cal-val sites! Suggests we need much

AMSR2

more “ground truthing” of satellite
data than has been done so far.

* Preliminary results — more to do....

Ratio of Random to Real StdDev

120W 115W 110W
51N =

1.‘ N

¥
4N =

45N 1 - (28

42N | S
\

sond (&

%

36N ]

33N

30N 1

27N 1

R

120W 115W 110W 105W 100W 95W 90W 85W

| |
015 02 025 03 035 04 045 05 055 0.6

0.1

Courtesy: Sujay Kumar (NASA/GSFC) /
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US Hotspot Weak on Memory?

SM Forecast Skill(LA/0O) Quality of Initial SM(LA/O)

N

e GLACE-2 found increased |
forecast skill from soil
moisture initialization in
subseasonal forecasts,
but not centered over

| |
the ”hOtSpOt”, 0.2 025 0.3 0.35 0.4 0.45
SM Memory(Months, GLDAS) 0,05 Spacial Correlation (CONUS)

<

1-15 16-30 31-45 46-60

Guo, & Dirmeyer, (2015; GRL)
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US Hotspot Weak on Memory?

SM Forecast Skill(LA/0O)

e GLACE-2 found increased |

forecast skill from soil
moisture initialization in
subseasonal forecasts,
but not centered over
the “hotspot”.

 Reason may be a lack of
persistence of anomalies
there, compared to
regions further west.

0.2 025 03 035 04 0.45
SM Memory(Months, GLDAS) o5 Spacial Correlation (CONUS)

<

1-15 16-30 31-45 46-60
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GLACE-2 Predictability
Rebound

e Box over US Great Plains.

Guo et al. (2013: J Hydromet)
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GLACE-2 Predictability
Rebound

* Box over US Great Plains.
Soil moisture memory is

high during spring and
summer.

Guo et al. (2013: J Hydromet)
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GLACE-2 Predictability
Rebound

* Box over US Great Plains.
Soil moisture memory is
high during spring and
summer.

In early spring soil
moisture does not control
ET.

——

. '_‘_h““-_'_“—\—-,
ioration \

Guo et al. (2013: J Hydromet)
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GLACE-2 Predictability
Rebound

* Box over US Great Plains.
Soil moisture memory is
high during spring and
summer.

In early spring soil
moisture does not control
ET.

Late spring and summer,
all pieces are in place.

Guo et al. (2013: J Hydromet)
. . . _ —_— e
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GLACE-2 Predictability
Rebound

e Box over US Great Plains.

Soil moisture memory is
high during spring and
summer.

In early spring soil
moisture does not control
ET.

Late spring and summer,

all pieces are in place.
The impact of soil moisture

on temperature and precip
maximizes, predictability
“rebounds”

P. A. Dirmeyer N ORIV ERSEITY
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Coupled Errors - [ -
* GLACE models suffered from a l
tendency to simulate excessively oo La s :;f“go'fhgomm
warm temperatures and B
unrealistically low daytime relative | __ q Deficit
humidity over the Southern Great | .|| [
Plains. ‘ i |
* Figure: categorical frequency of f | * Bl *ﬁ i Ty
occurrence of indicated variables R S N S
over the ARM region for 1 Tomperature I >
observations (bars), and the mean | ™ -
of 12 GCMs (markers). Vertical ] 0] |
lines span the range of models for | | [ il |
each bin. o oML EH B L
Dirmeyer et al. (2006: J. Hydrome?) FGEQRGE
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C I d E 50:% Net Radiation 50:6
e GLACE models suffered from a .l
tendency to simulate excessively et e god“go'jhgomm
warm temperatures and e
unrealistically low daytime relative | __ q Deficit
humidity over the Southern Great | «. || ]
Plains. |
° ° ° 10% ._ L * l 1 | 10%
Excessive downward radiation f R AR

(systematic cloud errors) at surface in all T -
models lead to a drying (LSMs first 0% . T %%
. perature .

allocate extra energy to evapotrans- B

piration) and then warming (as soil 0|
moisture is depleted, energy goes to ] (I + 1 [
sensible and ground heat flux instead). Mm L

Positive feedbacks exacerbate errors. [ — == —

D|rmeyer et al. (2006: J Hydromet) C OLA L GEORGE
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LCL vs. Soil Wetness IS I
Observed ARM {0 O O A Y e
relati on Sh|p ) ccema g-o.us: cou oiie
agrees with = :
Betts' theory § :
of soil wetness ¢ e e P P e
controls on : :
SHF, PBL depth. ¢
The models are 2 e :
all over the - e )
place. 1 e -:_'é.-.-j S
Las ] e |

Dirmeyer et al. (2006: J. Hydromet)
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The Quick Fix

* To correct warm biases in CFSR,
roots for Noah crop vegetation
type were extended to all 4 soil
layers; it transpires freely.

S -

"" . » B 1.
- 4

- -
-

Green: Total nd partial cropland

RMSE: 26.87
Bias: 4.55

* Y

L]
LI i
. [ el .
N gl v h
RMSE: 37.61 Hf 1_{ L.
Bias: 27.43 \ ) -

CFS Op Fest
2013

=5
y N

_

15 30

45

60 75 90 110 140
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Sensible heat fluxes

e Essentially zero over much of
Midwest in CFS over crop
vegetation type.

* This seems to cause problems
for boundary layer simulation
(essentially there is none)...
perpetual fog.

* But hey, the temperature
error was reduced! Right rwse: 20,038y By S
result for wrong reason.
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Sensible heat fluxes

e Essentially zero over much of
Midwest in CFS over crop
vegetation type.

CFS Op Fest

RMSE: 20.68 =ty M
Bias: —9.68 A

15 30 45 60 75 90 110 140

. . . _ = COLA
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WCRP//IIIw

 Global Energy and Water Exchanges (GEWEX)
program, Global Land/Atmosphere System Study

(GLASS) project: Accurately understand, model, and
predict the role of Local Land-Atmosphere Coupling

“LoCo” in water and energy cycles in weather and
climate models.

Courtesy: Michael Ek (NOAA/NCEP/EMC)
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WCRP//IIIw

 Global Energy and Water Exchanges (GEWEX)
program, Global Land/Atmosphere System Study
(GLASS) project: Accurately understand, model, and
predict the role of Local Land-Atmosphere Coupling
“LoCo” in water and energy cycles in weather and
climate models.

 Allland-atmosphere coupling is local...
..at least initially...

Courtesy: Michael Ek (NOAA/NCEP/EMC)
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Benchmarking and Metrics

* Benchmarking LSM performance against regression models and
flux tower data: PLUMBER (PALS Land sUrface Model

Benchmarking Evaluation pRoject)

Best et al. (2015; J Hydromet.)

— where PALS = Protocol for the Analysis of Land Surface models (PALS;

pals.unsw.edu.au) | Abramowitz (2012; GMD)
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Benchmarking and Metrics

* Benchmarking LSM performance against regression models and
flux tower data: PLUMBER (PALS Land sUrface Model

Benchmarking Evaluation pRoject) | sestetal. (2015; 1 Hydromet)

— where PALS = Protocol for the Analysis of Land Surface models (PALS;
pals.unsw.edu.au) | Abramowitz (2012; GMD)

* Such benchmarking needs to be extended to coupled AGCM-LSMs.
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Benchmarking and Metrics

* Benchmarking LSM performance against regression models and
flux tower data: PLUMBER (PALS Land sUrface Model

Benchmarking Evaluation pRoject) | sestetal. (2015; 1 Hydromet)

— where PALS = Protocol for the Analysis of Land Surface models (PALS;
pals.unsw.edu.au) | Abramowitz (2012; GMD)

* Such benchmarking needs to be extended to coupled AGCM-LSMs.

* GLASS scientists are compiling a suite of metrics to diagnose
coupled land-atmosphere processes in observations and validate
them in models (cf. www.ahmedbtawfik.com/comet/).

\'-—.\
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Coupled processes matter!

BareSoil - NatVeg (JJA)

* Uncoupled LSM — global
removal of vegetation

BON — g,

leads to an increase in ET
over many areas.

308

* When LSM is coupled to
AGCM so that feedbacks

occur, ET decreases over
most areas.

30N —
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905 ™
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Courtesy: Liang Chen (GMU/COLA) /
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Coupled processes matter!

* Uncoupled LSM — global

BareSoil - NatVeg (JJA)

removal of vegetation

leads to an increase in ET
over many areas.

* When LSM is coupled to

308

AGCM so that feedbacks

occur, ET decreases over
most areas.

30N —

* Model developmentis “1.

905 ™

90N

308

30N —

308 =

60S —

CAM+CLM

| 60N — :

T 90S i ™ T

also a coupled problem! ]
2 41 05 025 -01 01 025 05 1 2
Courtesy: Liang Chen (GMU/COLA) /
— COLA
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Conclusions

* Land-atmosphere interactions based on soil moisture anomalies
provide predictability on sub-seasonal to seasonal time scales.
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Conclusions

* Land-atmosphere interactions based on soil moisture anomalies
provide predictability on sub-seasonal to seasonal time scales.

* Wx/Climate models demonstrate a capacity to glean prediction
skill from land surface states, but on a limited basis so far.
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Conclusions

* Land-atmosphere interactions based on soil moisture anomalies
provide predictability on sub-seasonal to seasonal time scales.

* Wx/Climate models demonstrate a capacity to glean prediction
skill from land surface states, but on a limited basis so far.

 Model improvement means better simulation of coupled land-
atmosphere processes — it’s a coupled development problem!
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Conclusions

* Land-atmosphere interactions based on soil moisture anomalies
provide predictability on sub-seasonal to seasonal time scales.

* Wx/Climate models demonstrate a capacity to glean prediction
skill from land surface states, but on a limited basis so far.

 Model improvement means better simulation of coupled land-
atmosphere processes — it’s a coupled development problem!

* Process-based coupled land-atmosphere metrics have been
developed to understand nature, “confront” models.

= cor MASGH
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Conclusions

* Land-atmosphere interactions based on soil moisture anomalies
provide predictability on sub-seasonal to seasonal time scales.

* Wx/Climate models demonstrate a capacity to glean prediction
skill from land surface states, but on a limited basis so far.

 Model improvement means better simulation of coupled land-
atmosphere processes — it’s a coupled development problem!

* Process-based coupled land-atmosphere metrics have been
developed to understand nature, “confront” models.

 The observational data to validate models is reaching a useful
mass in many regards.

= cor MASGH
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Extra Slides...




Soil Moisture Controls on Evaporation

e Over many parts of the world, there

is a range of SM over which _
evaporation rates in(de)crease as e
soil moisture in(de)creases (soil ok RN
moisture is a limiting factor — - .u .
moisture controlled). =3 ;i:;'f:.: :'utt:esinsmyof eva'pf,fﬁo'nto
e Above some amount of moisture in § BT S  at
the soil, evaporation levels off. 2% iyt |1
, , B Wi | £ Noah (90-94W, 36-42N)
e |In that wet range, moisture is of wimiedio b
plentiful, and is no longer “ea'"t,*:ﬁ,:“;,““"g;é

controlling the partitioning of fluxes B
(it’s energy controlled). Soil Wetness P

—ee V. W \ GEORGE
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This Affects Predictability in GLACE- 2

» Soil moisture anomalies that ~ \ettest Half
push the local L-A system Moisture + \
. Anomalies
toward the regime of greatest |
sensitivity generate biggest
Improvements.

e When a desert area becomes  Driest Half of

Initial Soil
moist (A), it gains predictability, @ Moisturet \
. Anomalies
and thus skill. \\

e When a humid area becomes

dry (B), It gains predictabi“ty’ Temperature Forecast Skill, Days 31-45
j T T T AL A T aE
and thus skill. FAEFFEHET
Z

- - - - = oA MASON
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Offline HTESSEL from ERA Interim Land

Memory: model vs obs

ECMWF Models - T, 5.,

e Offline HTESSEL has too much
memory — because no feedback??

* When coupled to IFS, HTESSEL has
too little memory — problem with IFS

~ rainfall spectrum?
B B Data assimilation helps a little.

* Spatial patterns consistent — strongly
determined by LSM parameter maps.

- T - Shading = model 1, dots are errors relative to each

il N f ° Vi
- eanalysis
K . . lﬁ 623 yt | L station (ISMN networks shown here) /
2 4 6 8:—10 1215 20 30 60 days o e | Dctober 2015 P. A. Dirmeyer -\\—.CQLQ &7 EFLIIIN




Offline HTESSEL from ERA Interirm Land

‘) ‘> 1205 Stations

Offline °

Beanaly5|s

J 3 1205 Stations

01 02 03 04 05 .06 .07 .08 09 10

......

E Variability (Std. Dev.)

;:.:.5}:.‘..:'.{_— ECMWEF Models - 6,5,

[j_ Shading = model o, dots are errors relative to each

f e Offline HTESSEL seems to have too

much day-to-day variability of

| L volumetric SM in most locations

* Free-running IFS has small overall
bias, still has regional errors

* ERA-Interim has way too little
variability (Mahfoufery?)

* This only intra-seasonal variability of
daily SM — interannual o removed!

station (ISMN and NASMDB networks comblned)

Soil Layer 1 : Covier box
?:»—o?cﬁm October 2015 P. A. Dirmeyer \_kw b e e




World Meteorological Organization
Working together in weather, climate and water
World Weather Research . ‘
Programme o v P
WORILD WIATHER
RESEARCH PROGRAMME

“...improve accuracy, lead time and utilization of
weather prediction.”

“"Determine the predictability of climate and
effect of human activities on climate.”

Global Energy and Water Cycle Experiment

GC

WCRP///IS.

“"Weather, Water, Climate”




PLUMBER

 PALS Land sUrface Model Benchmarking Evaluation pRoject
(PLUMBER)

— where PALS = Protocol for the Analysis of Land Surface models (PALS;
Abramowitz 2012; pals.unsw.edu.au)

e Compare today’s LSMs to some very basic statistical regressions
(against SWy,n (+T, (NL+q,))) for estimating surface fluxes —
who validates better?

* Thisis a “no-brainer”, right? It must be the physically-based,
complex land surface models. Right?

* Wrong — especially for daily sensible heat flux regressions win!

Best et al. (2015; J Hydromet.)

Translating Process Understanding to Improve Climate Models 15 October 2015 P. A. Dirmeyer 62




Missing Processes

* One example: hydrology
with “low connectivity”

— Many locations have . ? ? : -4 ,
fractured soils, permeable  £: f; f. “&.3 H
subsurface (karst) £ ﬁ___f_ ;g E'E ;; | |
— Isotope studies suggest 5% i 33 E%H ;wm ] — | } —
much infiltration bypasses [T (i ilml ima
root zone, drains straight T r —— S
to water table. T [y [ gy ——
— Modeling studies show : l |
errors larger over karst, sfc. — Bl E [hl_ g B ew o Bew
flux differences affect > i i |

RMSD: M Barren M Forest W SandyS Bias: M Barren M Forest M SandyS

convection, circulation.

Courtesy: Xingang Fan

Good et al. (2015; Science)
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