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Dealing with observational uncertainties
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An Uncertainty Learning Framework for
Environmental Modelling
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Conceptual framework
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Characterising sensor uncertainty to lab analysis?

BDHS — NO3—N sensor vs. lab
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Discharge (m 357

Discharge measurements and seasonality

Brixton Deverill - Chalk Priors Farm - Clay
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« Seasonal variation in stage-discharge relationships

 Error in discharge estimation has large impact on simple metrics such as
nutrient loads
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Discharge estimation

Select gauging station

Get all rating curves and stage-discharge measurements
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Resultant discharge uncertainties

Brixton Deverill

Priors Farm
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‘Stable’ winter data to express measurement uncertainty

Note — there is a standard EA gauge that does not reflect
the seasonal changes (structural errors)
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Error mOde”ing 1st order autoregressive model
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Load Uncertainties from Discharge and Nutrients —
lab data

a) Brixton Deverill — Nitrate=N Load <) Priors Farm — Nitrate—N Load
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Load Uncertainties from Discharge and Nutrients —
Sensor data

a) Nitrate—N load b) Total Phosphorus load
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Figure 11: Boxplots showing the range of a) NO3-N and b) total phosphorus loads at Brixton
Deverill using 30 min resolution sensor data, including discharge uncertainty, nutrient uncertainty
and total uncertainty.
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Controls on Natural Variability and Change

Drivers of Variability and Change
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Data structure

ACF analysis
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Some final thoughts...

Discharge uncertainty can be an important part of load estimation and
determining WFD metrics — Understanding local conditions are important,
as is seasonality

A generalised uncertainty evaluation procedure is critical for:

- Reflecting the quality of different data and comparative analysis

between catchments
- Important to have frameworks from data rich to data poor sites
- Needed in a ‘limits of acceptability’ approach to model evaluation

Need to ensure that analysis of the data is robust and statistically
acceptable — particularly if interested in trends and change

May provide new information about catchment behaviour and what might
change under mitigation — using hysteresis change

Dealing with uncertainty is critical to making sure predictions, no matter
what they are used for, are understood in context....
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