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CONTEXT

17.09.19ESR3 – Identification of flood hazard patterns and flood-prone areas for large regions 2

- Floods are one of the major problems of this century

- EU Floods Directive requires EU Member States to undertake 
comprehensive flood risk assessments

- Flood managers, and other interested actors, lack tech options to assess 
flood hazard

- New techniques, such as machine learning and big open data, are not 
yet well exploited

- Conventional flood risk studies can be costly, time consuming, complex 
and can be impractical at high-resolutions or over large-scales
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RANDOM FOREST REGRESSION

ESR3 – Identification of flood hazard patterns and flood-prone areas for large regions 1117.09.19

Image taken from Rodriguez-Galiano et al., 2016

• Group of decision trees whose average 
output gives the final prediction.

• Random draw of samples that can be 
selected multiple times form independent 
sets that share the same distribution and 
form each tree.

• Nodes of a tree are data divide rules. 
Example which is the catchment 
characteristics that gives the lowest 
possible residual sum of squares.

• Each terminal node corresponds to a best 
guess of the TH.

• The tree designation comes from the 
hierarchy of nodes  and the forest 
designation comes form the group of tree-
like models.
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TAKE HOME MESSAGE
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• This study shows that by relating classifier outcomes to catchment characteristics a less 
constrained mapping of flood-prone areas may be achieved for any given region, 
including ungauged basins.

• Prediction of flood-prone areas show that the random forest model achieves high hit 
rates, with average values above 60% and 80% for the 10- and the 10,000-year return 
periods, respectively.

• The random forest regression model more flexible and straightforward with substantially 
increased R2 and decreased RMSE.

• The random forest is better suited to model non-linear behaviour and higher order 
interactions between catchment characteristics and the optimal GFI thresholds.

• The random forest is relatively robust against outliers, noise and overfitting and can 
handle the problem of multicollinearity well.
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Limitations:

• The size and sample variability of the training set has an important impact on the 
performance of the approach.

• The random forest, as it is, cannot predict target values outside the range of the 
explanatory variables in the training dataset. This is particularly important for lower GFI 
values (away from the river centreline).

• The random forest does not provide an easy understanding of the statistical 
relationships between explanatory variables.

• The GFI underperforms specially in flat areas.
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