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Satellite-based flood masks often exhibit high specificity,
meaning that detected flood is reliable, but low sensitivity
especially in urban and vegetated terrain, meaning that the
areas classified as non-flooded are less reliable. Reasons are
unavoidable radar effects in these areas.
We consequently propose to treat these products as positive
and unlabelled (PU) data, and re-learn the flood extent from
other features – such as topography, hydrography, distance to
buildings, and rainfall – via a one-class classifier (OCC), that
can operate with only the class of interest being labelled. This
allows us to treat the entire flood mask as training area. Using
the 2017 Hurricane Harvey flood in Houston as test case, we
approach the research question:

“Given a satellite-based flood mask, 
where should we expect inundation in reality?“

• Biased Support Vector Machine
(BSVM, Liu et al. 2003)

• MaxEnt (Phillips et al. 2006)
• Regular SVM as benchmark model
• Postprocessing by region-growing

to remove predictions that are not 
connected to the initial mask

• All tested satellite-based flood masks could be considerably improved, with obtainable increases in Kappa 
score of 0.2-0.7 in the best case (optimal threshold).

• The entire initial mask can be processed in one piece and the most important features can be derived from a 
DEM and stream locations

• Rainfall and building data did not consistently improve predictions, although some positive cases were observed
• Stability of the default classification threshold depends on the representativeness of the initial mask
• The approach could be tested for data fusion with individual flood location samples from within urban areas, 

e.g. from social media or street camera footage.
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Table 1. Evaluation of the 3 initial satellite-based flood masks (details in Table 2) on the 3 AOIs. Metrics include
percentages of detected open water, flooded vegetation and flooded urban areas, error bias, sensitivity,
specificity, accuracy, Cohen‘s kappa for all classes as well as for vegetation and urban areas separately.

Table 2. Flood masks used for training and validation

Table 3. Datasets and features

Figure 1. Areas of interest (AOI) and reference data produced from a 50 cm resolution aerial image

Figure 2. Flowchart of the extrapolation procedure

Figure 3. Kappa score obtained, the green triangle denotes the skill of
the original products, if the product is defined on that AOI

Figure 4. Effect of postprocessing on the metrics kappa, sensitivity
and specificity. The range of the boxplots includes the results from
both OCC algorithms (BSVM and MaxEnt).

Figure 5. Examples of validated extrapolations on all three AOIs
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