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3. Earth Observation data
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SPATIAL CHARACTERISATION OF TROPICAL WETLANDS: Table: Region focussing over Sudd TEMPORAL ANALYSIS OF WETLAND INUNDATION DYNAMICS:
= Provides key differences in spatial representation and wetlands comparing CYGNSS e = Dynamic products allow detailed monitoring of intra & inter-annual
classification detail across various static datasets. Watermask and WAD2M data. fluctuations.
= Spatial analysis will help in comparison of wetland coverage * Time-series plots will help to assess temporal patterns, while
highlighting discrepancies in extent and thematic classification moving averages and anomalies will smooth the trends and
\\between products. ) Watgr:(n(:I;II(Sg km) WAD2M (25km) > identify deviations from overall average.

5. JULES initial results

4. Model Simulation
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6. Conclusion & Future work

» JULES Land Surface Model successfully captures wetland extent dynamics in the

. , _ Clear interannual variability
Sudd wetland region of South Sudan, showing clear seasonal and interannual

2015 least inundates vs 2022

variability. highest inundated
= Distinct wet (2022) and dry (2015) years highlight the sensitivity of wetlands to climate
variabllity.
= There is a visible discrepancy between wetland fraction region shown in JULES model 5 . Model - data discrepancy
}fﬂ‘ Differences observed between
output compared to WAD2M data. JULES-simulated wetland extent
= Further analysis includes: and WAD2M dataset
» Comparison of different JULES configuration (RFM vs CaMa Flood)
= Higher spatial resolution simulations
= ML approach such as XGBoost to be applied to JULES derived variables to
Improve the representation and prediction of wetland extent.
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