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Introduction | Drivers and AMS can be separated into components that
have comparable periods, which enables the assessment
of the impacts of drivers on AMS at different time scales.

Seasonal flood forecasting Is usually performed In order to
derive streamflow values for the season ahead. This Is particularly
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Assessment of the contributions of climate and catchment
drivers on AMS
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Flood data (1956-2016):
Monthly daily discharge time series are derived from the GRDC.
Catchment and climate drivers (1956-2016):
Precipitation, Temperature, Baseflow, NAO, EAWR, SCA, EA,
POL, SIC, SST1-5
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