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An ensemble dataset created by an atmospheric dispersion model (Hiemstra et al.,, 2011) was used as a
demo dataset (Figure 1). The sample values at a particular timestep and support are considered to be a
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Visualizing Uncertainty

The visualization scripts import a dataset from the PCRaster-Python modeling framework (Karssenberg et
al., 2009) and apply an upscaling algorithm (Bierkens et al., 2000) using Equation 1:
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n< » Upscaling Is done for each timestep, for each attribute, for each support sizeé  \yjth the aid of a user experience survey, dynamic circular glyphs, as
iImplemented in the UVIS web application, were found to be an effective
way to visualize spatial, quantative, and probabilistic aspects of
uncertainty In an ensemble dataset. The upscaling of uncertainty
Information to the resolution of the visualization reduces the risk of a
cognitive overload, and Is a promising technique for creating

: : ing muli Discussion & Conclusions
(Eq. 1) Z(SZ) 1 z Z(Sl; i) Calculates a new value of z at support s, by aggregating multiple values at s,
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The uncertainty metrics are calculated for the original and for the upscaled data, and saved as point features
In a PostGIS database. In the map display these points are represented as circular glyphs and allow the
uncertainty information to be adjusted to the zoom level, resulting in a visually pleasing bivariate display In
which both attribute value and attribute uncertainty are embedded (Figure 4).
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Figure 2: Upscaling the uncertainty information to match zoom level comprehensible bivariate maps in which attribute value and uncertainty
are embedded.
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resampling (bootstrapping) can be implemented In future versions of the
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