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Added value of water isotopes

remote−sensing
of water vapor

satellite
remote−sensing
of water vapor

ground−based

N
D

A
C

C

T
C

C
O

N

aircraft

ship

in−situ measurements

ground

O
D

IN

A
C

E

IA
S

I

T
E

S

M
IP

A
S

S
C

IA
M

A
C

H
Y

G
O

S
A

T

15km

HDO

H2O

meteorologialvariables variablesisotopi
physial proesses

2/12



Controls on water vapor isotopi omposition
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Example: ause of moist bias in GCMs?

(Risi et al 2012b)
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◮ frequent reason for moist bias=exessively di�usive advetion 4/12



Water isotopes during Cindy Dynamo
◮ Hovmuller diagrams at 500hPa, 10°S-10°N average
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Cyles q-δD
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Tendanes from di�erent proesses
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Convetion vs large-sale shemes
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Why is the onv vs LS partitioningimportant?arbitrary but a�ets:
◮ simulated limate and variability

◮ heating rate large-sale irulation
◮ loudiness radiative e�ets
◮ intra-seasonnal variability (Kim et al)
◮ humidity transport
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◮ heating rate large-sale irulation
◮ loudiness radiative e�ets
◮ intra-seasonnal variability (Kim et al)
◮ humidity transport

=⇒di�ult to evaluate diretly or too many fators at play
◮ things that an be used for model evaluation

◮ hemial traor transport
◮ water isotopes 9/12



Tendenies from onv. vs large-s. preip
mixing
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Sensitivity tests in LMDZ
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Sensitivity tests in LMDZ
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ConlusionSummary
◮ δD informs about moistening and dehydrating proesses
◮ q − δD during MJO informs about relative timing of proesses
◮ preipitating events deplete the tropospheri vapor all themore as it is assoiated with large-sale preipitation

⇒use it more quantitatively to evaluate onv vs large-salepreip partitionning and underlying heating pro�les
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⇒use it more quantitatively to evaluate onv vs large-salepreip partitionning and underlying heating pro�lesMore generally
◮ lots of measurements exist but are still under-exploited
◮ progress in understanding what ontrols tropospheri isotopiomposition, but still work before we an reverse thisunderstanding to use isotopi measurements quantitativelyPerspetives
◮ Link with degree of organization?
◮ Combine q, δD + loud ⇒ better onstrain large-sale preip
◮ Combine q, δD + hemial traers: CO, O3, 10Be ⇒ �uxes
◮ Comparisons with CRMs 12/12


