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- Introduction to atmospheric water vapour isotopologues

- Our IASI retrieval processor “MUSICA*” and the isotopologue data set

- Example of moisture transport studies using water vapour isotopologue data
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*MUSICA: MUIti-platform remote Sensing of Isotopologues for investigating the Cycle of Atmospheric water



Water vapour isotopologues

Increased molecular mass
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Equilibrium fractionation

= Lighter isotopes evaporate preferentially.
= Heavier isotopes condensate preferentially.
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Isotope ratio changes with
phase transitions!
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The MUSICA IASI retrieval

Optimal estimation of trace gas ratio data (isotopologue ratios are the interesting data):
(1) Transfer the problem to the logarithmic scale: dlnx = iax

(2) Optimal estimation of ratio (6D) proxies: ln[

A

XHDO

XH20

] = ln X\HDO - ln X\HZO

(3) Post-processing to generate H,O and &D products having the same sensitivity:{H,O,0D} pairs
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(1+2) Optimal estimation
of H,O and &D proxies
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MUSICA [ASI retrieval output
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(3) Post processing:
generation of {H,0O,6D} pairs
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The MUSICA IASI retrieval
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Pairs of H,O and 6D (2014 - 2021, >2 billion data pairs)

Pairwise analysis of H,O and 6D
In water vapour
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Moisture transport with {H,0,6D} (Rayleigh and beyond)

Airmass mixing (no phase transitions, e.g., Saharan Air Layer):  Theoretical process lines in the {H20, 8D} phase space
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Moisture transport

Well-studied airmass mixing (Saharan Air Layer):

H,O-6D signal of dry
convection over the Sahara
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Serves also as process-based validation of the MUSICA IASI {H20,6D}-pair distribution (Schneider et al., 2016)
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Moisture transport

Galewsky et al. (2023): Convective intensity, convective organization, and mid-tropospheric water vapour isotopologues
Identification of convection has been made with OLR minima.
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Moisture transport
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Moisture transport

Covariation of West African Monsoon precipitation intensity and middle tropospheric water vapour
isotopologues, Diekmann et al., 2024
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AIRS

2017: weakest HDO depletion (weakest super-Rayleigh
signal), less intense convection, lowest mean rainfall
2015-2017 versus 2018-2020: super-Rayleigh signal, more
intense convection. increasing peak rain intensity




Data assimilation of water isotopologues

The LETKF assimilation system Data assimilation, basic equations
6-hour cycle
Ve A ~ xa(ti) = xb(ti) + Gti [y(tl) - Htixb(ti)]
—'Eﬁmﬁﬂ?&gﬂ et e JJ s G, = SPHL[H,SPHE +5,]

Model - Variables and operators:

t;: time step

x?(t;): analysed state vector

xP(t;): background (or forecast) state vector

= — y(t;): measurement state vector (the observation)
Analyzed fields of Analyzed fields of G,,: Kalman gain matrix
Ensemble membore Ensemble members H,,: measurement forward operator matrix
b . . .
Modeh  Morshi (Wehinate ot el 2008) S¢,. background state error covariances matrix

Data Assim.: LETKF (Miyoshi, 2011) S.: measurement state error covariances matrix
Obs.Data: Synthesized SCIAMACHY, TES, and GNIP

Figure taken from Yoshimura et al. (2014)
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Data assimilation of water isotopologues

Schneider et al., 2024: “Potential of satellite water isotopologue observations for improving the analyses of
convective events”

(Almost) no observations
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Conclusion

- MUSICA IASI {H,0,5D}-pair data: about 2 billion data points, 2014 — 2021:
https://www.imk-asf.kit.edu/english/musica-data.php

- Mid-tropospheric {H,0,6D}-pair distributions give (detailed) insights into convective processes:
Monitoring of the occurrence of different convection types?

- Assimilation of isotopologues can improve the (re-)analysis of a convective atmosphere:
Benefit for detecting trends in the atmospheric water cycle (e.g., changes of convective
intensity/occurrence)?

Thanks for your attention!


https://www.imk-asf.kit.edu/english/musica-data.php

MUSICA IASI datasets of {H,O, 6D} pairs

Unique potential of IASI

Up to 3 satellites in orbit, allowing up to 500.000 cloud-
free quality-filtered and vertically resolved HDO/H20
observations per day

Continuity of data availability over several decades

Current status of data availability (MUSICA IASI processor):

full long-term dataset (> 6 years, > 2 billion data points),
« |ASI Retrieval: Schneider et al (2022)
« {H,O, 6D} post-processing: Diekmann et al (2021)

MUSICA IASI {H,0, &6D}
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6D (%)

Moisture transport

Example West African Monsoon, Diekmann et al., 2024 Anti-correlation
Classification: rain versus non-rain (IMERG) between H,0 and 6D
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Figures adopted from Diekmann et al. (2024)




