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Motivation Objectives Methodology Results Conclusion

o Climate Change - impacted almost all phases of the global water cycle1

o Extreme Precipitation events have increased – past few decades1,2

o Observed increases in precipitation extremes – not directly translated to observed

increases in flooding3,4

o Decrease in antecedent soil moisture – decline in observed flood discharge4

o Preconditioned Compound Event5

Learning from IPCC AR6

IPCC AR6 – “Low confidence in regional changes on flood frequency as it is strongly dependent on

antecedent conditions!!!” 1) IPCC AR6 – 2021
2) Roxy et al., 2017
3) Sharma et al., 2018
4) Wasko et al., 2020
5) Zscheischler et al. 2020
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Research Objectives

RO1 Which regions over Europe can be classified as having a higher occurrence

of extreme Precipitation (P) conditioned on the Soil Moisture (SM) also

being extreme?

RO2 Does the impact of SM-P coincidence unraveled in RO1 influence the

occurrence of annual floods over European catchments?
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Event Coincidence Analysis

1) Donges et al., 2011, 2016
2) Siegmund et al., 2016
3) Siegmund et al., 2017 
4) Sun et al. 2018
5) A. Manoj J et al, 2022

• Event Coincidence Analysis1,2,3 (ECA) – quantifies and

characterize - coincidences between event series

• Helps to consider the timings of well-defined events

• Two parameters - temporal tolerance interval ∆T and

joint time delay of τ

• Statistical significance test3 to ensure that observed

coincidences are not random

• Recent studies4,5 – disentangled SM-P Covariation

patterns using ECA
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Event Coincidence Analysis
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𝑃𝑟𝑒𝑐𝑢𝑟𝑠𝑜𝑟 𝑐𝑜𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑟𝑎𝑡𝑒1:

𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 𝑃𝑟𝑒𝑐𝑢𝑟𝑠𝑜𝑟 𝑐𝑜𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑟𝑎𝑡𝑒2:

𝑟𝑝 measures the fraction of P events preceded by at least one –

SM type event, 𝑟𝑝 ∈  0,1 

𝑟𝑝
𝑐 measures the fraction of Q events preceded by at least one

SM conditioned P event, 𝑟𝑝
𝑐 ∈  0,1 

1) Donges et al., 2011, 2016
2) Siegmund et al., 2016
3) Siegmund et al., 2017 
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Spatiotemporal Patterns of SM-P Dependence
• SM-P coincidence rates - evaluated using E-OBS

v24.0 (Precipitation), GLEAM v3.5 (Soil Moisture)

• 95th percentile limit, Temporal tolerance – 3 days

• Only grid points that are significant at α=0.05

EGU22-10435
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SM-P Coincidences Prior to Annual Floods

• We compared dates of annual floods, (European

Flood Database, Hall et al, 2015) with SM-P

coincidences

• Fraction of annual flood events that occurred after

precipitation extremes happened in saturated soil

conditions

• Seasonal analysis is restricted to catchments

having five or more events

EGU22-10435
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Take Home Message

o Disentangled SM-P coincidences

o Seasonal shift – corresponds to climatological patterns

o Possible role of SM-P coincidence in peak annual floods

o Fraction of preconditioned floods – highest in fall

Limitation/Future Scope

o Difficult to characterize flood hazard only using statistical relationships

o Possible follow up using more variables/ changing the datasets

o Grid-based products - average state - over a large spatial domain

o Understanding the mechanisms within a catchment
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Thank you!!

Contact – ashishmanoj@outlook.com



EGU22-10435 10

References
a) Donges, J. F., Donner, R. V., Trauth, M. H., Marwan, N., Schellnhuber, H. J., and Kurths, J.: Nonlinear detection of paleoclimate-variability transitions possibly related to

human evolution, Proc. Natl. Acad. Sci. U. S. A., 108, 20422–20427, https://doi.org/10.1073/pnas.1117052108, 2011.

b) Donges, J. F., Schleussner, C.-F., Siegmund, J. F., and Donner, R. V.: Event coincidence analysis for quantifying statistical interrelationships between event time series, Eur.

Phys. J. Spec. Top., 225, 471–487, https://doi.org/10.1140/epjst/e2015-50233-y, 2016.

c) IPCC: Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the Sixth Assessment Report of the Intergovernmental Panel on Climate Change

Masson-Delmotte, V., P. Zhai, A. Pirani, S. L. Connors, C. Péan, S. Berger, N. Caud, Y. Chen, Cambridge Univ. Press, 3949, 2021.

d) Manoj J, A., Guntu, R. K., and Agarwal, A.: Spatiotemporal dependence of soil moisture and precipitation over India, J. Hydrol., 610, 127898,

https://doi.org/10.1016/j.jhydrol.2022.127898, 2022.

e) Roxy, M. K., Ghosh, S., Pathak, A., Athulya, R., Mujumdar, M., Murtugudde, R., Terray, P., and Rajeevan, M.: A threefold rise in widespread extreme rain events over central

India, Nat. Commun., 8, 708, https://doi.org/10.1038/s41467-017-00744-9, 2017.

f) Sharma, A., Wasko, C., and Lettenmaier, D. P.: If Precipitation Extremes Are Increasing, Why Aren’t Floods?, Water Resour. Res., 54, 8545–8551,

https://doi.org/10.1029/2018WR023749, 2018.

g) Siegmund, J. F., Sanders, T. G. M., Heinrich, I., Van Der Maaten, E., Simard, S., Helle, G., and Donner, R. V.: Meteorological drivers of extremes in daily stem radius variations

of beech, oak, and pine in Northeastern Germany: An event coincidence analysis, Front. Plant Sci., 7, https://doi.org/10.3389/fpls.2016.00733, 2016.

h) Siegmund, J. F., Siegmund, N., and Donner, R. V.: CoinCalc—A new R package for quantifying simultaneities of event series, Comput. Geosci., 98, 64–72,

https://doi.org/10.1016/j.cageo.2016.10.004, 2017.

i) Sun, A. Y., Xia, Y., Caldwell, T. G., and Hao, Z.: Patterns of precipitation and soil moisture extremes in Texas, US: A complex network analysis, Adv. Water Resour., 112, 203–

213, https://doi.org/10.1016/j.advwatres.2017.12.019, 2018.

j) Wasko, C., Nathan, R., and Peel, M. C.: Changes in Antecedent Soil Moisture Modulate Flood Seasonality in a Changing Climate, Water Resour. Res., 56, no,

https://doi.org/10.1029/2019WR026300, 2020.

k) Zscheischler, J., Martius, O., Westra, S., Bevacqua, E., Raymond, C., Horton, R. M., van den Hurk, B., AghaKouchak, A., Jézéquel, A., Mahecha, M. D., Maraun, D., Ramos, A.

M., Ridder, N. N., Thiery, W., and Vignotto, E.: A typology of compound weather and climate events, Nat. Rev. Earth Environ., 1, 333–347, https://doi.org/10.1038/s43017-

020-0060-z, 2020.


