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Abstract. Urban development models typically provide simulated building areas in an aggregated form. When using such out-
puts to parametrize pluvial flood risk simulations in an urban setting, we need to identify ways to characterize imperviousness
and flood exposure. We develop data-driven approaches for establishing this link, and we focus on the data resolutions and
spatial scales that should be considered. We use regression models linking aggregated building areas to total imperviousness,
and models that link aggregated building areas and simulated flood areas to flood damages. The data-resolutions used for train-
ing regression models are demonstrated to have a strong impact on identifiability, with too fine data resolutions preventing
the identification of the link between building areas and hydrology, and too coarse resolutions leading to uncertain parameter
estimates. The optimal data resolution for modelling imperviousness was identified to be 400m in our case study, while an
aggregation of the data to at least 1000m resolution is required when modelling flood damages. In addition, regression models
for flood damages are more robust when considering building data with coarser resolutions of 200m than for finer resolutions.
The results suggest that aggregated building data can be used to derive realistic estimations of flood risk in screening simu-
lations. Future work needs to focus on training regression approaches where different degrees of flood-awareness in landuse

management can be considered.

1 Introduction

The development of pluvial flood risk adaptation measures in urban areas typically requires that a variety of combinations of
different measures are tested (Radhakrishnan et al., 2018; van Berchum et al., 2018). In addition, flood risk is strongly affected
by climate change, urbanization and socio-economic changes (Di Baldassarre et al., 2015; Hinkel et al., 2014; Muis et al.,
2015; Muller, 2007; Semadeni-Davies et al., 2008). Projections of these parameters are subject to substantial uncertainties over
infrastructure lifetimes between 30 and 100 years (Cohen, 2004; Granger and Jeon, 2007; Hall et al., 2014; Madsen et al.,
2014).
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To consider these uncertainties in the design of water infrastructures, scenario assessments are performed. In these assess-
ments, model simulations of the urban layout are linked to water systems models (Urich and Rauch, 2014) and the combined
impact of climate change, represented as changing forcing in the water systems model, and changes in exposure, represented
by varying simulated urban layouts, is assessed. For example, Lowe et al. (2017, 2018) linked a vector-based urban develop-
ment model to a 1D-2D hydraulic model of the urban catchment to assess pluvial and coastal flood risk, while Mustafa et al.
(2018) implemented a similar setup for fluvial flood risk, considering a cellular automata model for urban development and
2D hydraulic simulations. Other studies have applied cellular automata to study the effect of urbanization on extreme rainfall
and resulting flood risk (Huong and Pathirana, 2013) and to quantify changes in coastal flood areas as a result of urbanization
(Sekovski et al., 2015).

Raster-based implementations for modeling urban development such as the one used by Mustafa et al. (2018), have the
advantage of short simulation times. In combination with flood screening tools, such tools enable testing flood risk adaptation
measures in a scenario-based approach, where the combination of various potential measures and different socio-economic and
climate scenarios easily leads to simulation requirements exceeding 10,000 events (Kwakkel et al., 2015; Lowe et al., 2017,
2018; van Berchum et al., 2018). In this context, conceptual flood screening tools as described by Bermtidez et al. (2018) and
Jamali et al. (2018) may be preferable over machine learning techniques (e.g., Wang et al. (2015)) because they allow for a
physically interpretable implementation of surface adaptation measures, and because they can be linked to conceptual models
of the drainage system, and thus be used for a combined assessment of flood risk and other environmental impacts of the
drainage system.

When applying a linked (possibly conceptual) urban development — hydraulic simulation setup for pluvial flood risk as-
sessment, we need to consider effects of increasing impervious areas, leading to increased runoff and thus larger flood hazard
(Kaspersen et al., 2017), as well as of increasing exposure, resulting from an increase in the potentially flood-prone urban area
(Lowe et al., 2017). For both parameters, urban development simulations will frequently not provide a full quantification of
the hydrologically relevant variables. For example, impervious surfaces such as terraces, carports or even streets might not
be explicitly represented in the urban development model. Similarly, micro-scale flood damage assessments where simulated
flood areas are overlaid with building and infrastructure objects are state-of-the-art in urban hydrology (Hammond et al., 2015),
but some building types that are relevant for flood damage assessments (e.g., schools) might not be modeled, and the location
of buildings may not exactly reflect reality, or may be blurred if (raster-based) cellular automata approaches are applied. In
addition, while Bruwier et al. (2018) clearly demonstrated that building data affect urban flood simulations by blocking flow
paths, this effect is difficult to consider if an urban development simulation only provides building information in the form of
a building area density.

For the case where urban development models provide aggregated, raster-based outputs, it is not clear how to link this
output to hydrological modeling approaches and subsequent economic pluvial risk assessments. Related work has applied ad-
hoc definitions (Lowe et al., 2017), guesstimates from planning documents (Bach et al., 2013) and manual tuning of model

parameters (Bach et al., 2018) to predict imperviousness based on modeled building areas.
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Data-driven, empirical approaches would be highly attractive to parametrize this link. Our aim is to evaluate such procedures
and to characterize the data resolutions and spatial scales for which robust performance can be obtained. Similarly, for damage
assessment we would be highly interested in procedures that allow upscaling of locally derived depth-damage functions, which
are likely to provide better damage estimates (Cammerer et al., 2013) and facilitate acceptance by stakeholders. This need was
also recognized in the literature (de Moel et al., 2015). Upscaling procedures were previously described by Kreibich et al.
(2010) and Thieken et al. (2008), but focused on meso-scale damage assessments, rather than assessments on city- or even
neighborhood scale that we are interested in when performing exploratory modelling for urban flood adaptation.

None of the previous work has explicitly assessed to what extent data resolutions applied in the development of scaling pro-
cedures affect the outcome of these procedures, and at which spatial scale reasonable predictions can be obtained. A thorough

assessment of these issues throughout the pluvial urban flood risk modeling chain is the main contribution of this paper.

2 Study area and data

We consider the city of Odense, Denmark as a case study. Odense has approximately 200,000 inhabitants and it is located in a
typical moraine landscape close to the sea.

As base data characterizing the urban form, we were provided with building footprints in vector format by Odense Munic-
ipality (Figure 1). The building footprints included information on the building types that were grouped into the 11 classes
shown in Table S1. In addition, information on the number of residential units and the commercial floor space area in each
building was available.

Data on impervious area were provided in vector format. The data were obtained from remote sensing campaigns and
grouped into six classes (Figure 3). The responsible utility Vandcenter Syd continuously performs manual, small-scale evalu-
ations of which percentage of each impervious area class is connected to the sewer system. These evaluations were performed
for each of the 18,000 subcatchments used in the existing hydrodynamic model for the city’s drainage network. We used this
processed dataset for our analysis, i.e., impervious area was considered as effective impervious area connected to the pipe
system. A digital elevation model (DEM) was available from Agency for Data Supply and Efficiency (2017) in a resolution of
0.4m. The data supplier ensured hydrological validity of the data by removing obstacles for major flow paths such as bridges.
The data were averaged to a resolution of Sm.

Figure 1 shows terrain elevations, footprints of the existing buildings and the network of existing major roads. We refer to

Lowe et al. (2019) for a detailed evaluation of the characteristics of the urban layout in the case study area.

3 Methods

Figure 2 illustrates the overall problem. Hydrological modeling and flood damage assessment are commonly performed based
on polygon data characterizing the urban layout. Fast urban development models that are useful for exploratory modeling

would typically provide outputs resembling those where building areas were rasterized to resolutions between 25 and 500m.
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Figure 1. Terrain elevations in Odense, footprints of buildings existing in 2017 and major road network.

Such coarse input data will affect both rainfall runoff simulations, i.e., the location where flood hazards occur, and are likely
to be incompatible with flood damage assessments derived for polygon data.

To analyze the issues arising in different parts of the pluvial flood risk modeling chain, we have structured our study around
steps illustrated in Fig. (3). Summarized roughly, these steps involved the identification of a regression relationship between
rasterized building footprint areas (the assumed urban development modeling output) and impervious area. The identified
relationship was subsequently applied to derive a raster of predicted impervious area, which was used to parametrize 2D
hydrodynamic simulations of surface water flow. The results of these simulations were used to estimate the amount of flooded
building area, which was then used as input to regression models that predicted flood damages derived in a reference simulation.

The reasoning behind this approach was the following:

1. Urban development models in general, and fast, raster-based modeling approaches in particular, do not provide detailed
information on all impervious areas in a catchment. Thus, we need to estimate empirical relationships between an as-
sumed urban development modeling output (here raster-based building footprint areas for different building types) and
measured imperviousness. Fitting the regression relationship to datasets with varying resolutions, provides insight on
the spatial scale at which the link between urban layout and imperviousness can be identified. Generating predictions at

varying resolutions provides insight on the spatial scale at which reasonable predictions can be generated.
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Figure 2. Building footprint polygons and total building footprint areas aggregated to data resolutions of 25 and 200m. Shown for two
selected areas in the case study together with flood maps simulated based on the building dataset shown in each subfigure for a return period

of T=100 years. In the baseline flood simulation, buildings were included as obstacles in the terrain model, while this was not the case in the

flood simulations performed for the aggregated building data sets.

2. In a hydrological model, coarse representations of imperviousness affect the amount and location where runoff occurs,
and will thus lead to different simulations of flood hazards. We performed hydrodynamic 2D flood simulations where
the hydrodynamic model was parametrized using impervious areas based on building areas with varying levels of ag-

gregation. Comparing the resulting flood maps against a reference simulation, we can quantify how increasingly coarse

representations of the urban layout affect simulated flood hazard.

3. Economic flood damages are an important parameter in decision making related to flood adaptation. The standard ap-
proach for damage estimation in urban hydrology is to overlay high-resolution flood areas and building polygons. If only
coarse, raster-based building data are available, flood damages can be derived by establishing a regression relationship
between flood damages derived in a reference simulation and the amount of flooded building area as a measure of expo-

sure. Inspecting the validity of this relationship provides insight into the combined impact of coarse representations of

the urban layout on hazard and exposure.

In addition to the above, buildings affect simulated flood hazards by obstructing flow paths. This effect cannot be considered

when only coarse building data are available. To separate this effect in our study, we performed an additional baseline simula-
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Figure 3. Outline of the analysis steps performed in this paper. Letters A to D refer to the part of the methods sections were the corresponding
step is detailed. The dashed line illustrates the case where flood maps from the baseline simulation were used to derive flooded building areas
as input to damage regression. Note that the second baseline 2D flood simulation where buildings were not inserted in the DEM is not shown

in the flow chart.

tion where buildings were not included in the DEM (not shown in Fig. (3)). We compared simulated flood areas and damages

against the reference.
3.1 A - Regression fitting to predict impervious area
3.1.1 Model setup

Our aim was to predict impervious area in simulated urban developments when the assumed output of an urban development
are building footprint areas for different building types. Linear regression approaches for modeling such relationships were
previously documented by Butler and Davies (2011) for detached housing only, and by Chabaeva et al. (2009) for a variety of

land cover classes derived from satellite observations. To identify a regression relationship, we rasterized the high-resolution
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polygon data and, for each pixel j, modeled the observed impervious area A;,;, ; in m?/m? against the building footprint area

Ay in m?/m? for each of the building types i shown in Table S1. We considered the following relationship:

Aimp,j = Zai ~Aptig (D)

We have not included an intercept in Eq. (1) to ensure undeveloped areas are assigned an imperviousness of 0, and because
an analysis of the dataset suggested no need for an intercept (Figure S1). For fine data resolutions this leads to biased regression
predictions. While the dataset certainly is subject to spatial autocorrelation, the regression models provided strong predictive
performance and we have therefore not investigated the matter further.

To test the impact of spatial data resolution, we fitted regression models to datasets with 80 different resolutions Ax ¢;;
ranging from 25 to 2000m in steps of 25m. The regression coefficients identified for each resolution were then used to predict
imperviousness at 80 different aggregation levels Ax,, .4 ranging from 25 to 2000m. We embedded our tests into a cross-
validation setup where 80% of the dataset were used for calibration and 20% for model validation. If Azpreq > Az pir We
sampled from the pixels of the dataset used for prediction, and otherwise from the pixels of the fitting dataset. For cross-
validation, a pixel from the dataset with finer resolution was linked to the pixel of the dataset with coarser resolution with
which it shared the greatest overlap. The cross-validation procedure was repeated k& = 1000 times, i.e., a total of 80 - 80 - 1000

regression models was considered.
3.1.2 Performance assessment

During each iteration, we computed bias ratio RBIAS gimp, ks RMSE gimp i and NSE pimp i

RMSEAimp,k = \/1/71 ' Z (Aimp,pred,j - Aimp,obs,j)2 (2)
J
Azm Te ’_Aim 05'2
NS B gy = 1 — 2 Climnareds = i) 3)
Zj (Aobs,pred,j - Aimp,obs)
RBIASAian,k = Z Aian,pred,j/ Z Ai7np,0bs,j7 (4)

j j
where Ajmp pred,j and Ajmyp obs,; Were predicted and observed impervious areas for a pixel j in the validation dataset and
Aimp,obs Was the average imperviousness of all pixels j in the validation dataset. We considered the median of RBIAS Aimp.k
and N SE gimp. i, over all k iterations as measures of goodness of fit, and the standard deviation o (RM SEy,) of RMSE Aimp i

as a measure of how reliably the model could be identified for a given combination of Az ¢;; and Axpyeq.
3.2 B -2D flood simulations
3.2.1 Model setup

We performed 2D flood simulations of pluvial hazards for ten different models, considering:
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— a model where imperviousness was determined from the original imperviousness dataset, and where buildings were

included in the DEM (baseline model),

— a model where imperviousness was determined from the original imperviousness dataset, and where buildings were not

included in the DEM (baseline without buildings), and

— models where imperviousness was derived considering the regression relationship shown in the supporting material
(Sect. S2), and considering building data aggregated to resolutions of 25, 50, 100, 200, 300, 500, 750 and 1000m as

input. Buildings were not included in the DEM in this case.

Our 2D modelling approach was the exact same as used by Kaspersen et al. (2017) for the same case study area. The
2D surface flow model was implemented in MIKE 21 (DHI, 2016) using a grid size of Sm. Simulations were performed for
Chicago design storms (CDS) with return periods of 20 and 100 years and durations of 4 hours. Rainfall-runoff computations
were performed for each grid cell during each time step of a simulated event, and the runoff created in each cell was then
included in the simulation of surface water flows.

As in Kaspersen et al. (2017), runoff R; in time step ¢ for each Sm pixel was computed as
Ry = P;— f;(1—1S) — P, rps15S, (5)

where P, was the rain intensity and IS the ratio of impervious area in a pixel to its total area. The effective infiltration
intensity f;(1—15) in a cell was computed based on a constant infiltration rate f; = 29.3mm-h~. On the impervious portions
of a pixel, the rain intensity P, rps of a 5 year design storm at the same time step ¢ was subtracted from the rain intensity to
simulate the effect of drainage systems.

Impervious areas linked to major roads (Figure 1) were preserved throughout all simulations. In an urban development
simulation, main roads would need to be considered explicitly, instead of being lumped into a regression prediction of imper-
viousness with building areas as the only input. As an example, we included maps of infiltration rates f;(1 — I.S) derived for

two building datasets in the supporting information, Sect. S3.
3.2.2 Performance assessment

We compared the simulated flood maps against the baseline simulation where true imperviousness percentages were applied
for runoff modeling, and buildings were included in the DEM. In the comparison, we focused on built-up areas and excluded
natural areas and water bodies.

We created contingency tables where we counted in how many pixels both the predicted flood map under scrutiny and the
baseline flood map exceeded a water level of 0.1m (hits), and how often this was the case only for the baseline model (misses)
or the tested model (false alarms). Subsequently, we computed the scores hit rate H R, false alarm ratio F'AR and critical
success index C'ST as defined in (Bennett et al., 2013). In addition, we evaluated the total area flooded above a water level of

0.1m.
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3.3 C - Flood damage assessment

Based on the 2D flood simulations performed for the baseline situation, we assessed flood damages. The derived damage data
were subsequently used as a reference for training and validating the regression models derived in Sect. 3.4.

Direct flood damages in urban areas are commonly assessed by overlaying polygons of exposed objects with high-resolution
flood maps. A damage is then assigned to each object (e.g., a building) depending on the greatest adjacent water depth (Ham-
mond et al., 2015). For our assessment, we have focused on direct, tangible flood damages as these are most directly related to
the urban form.

We distinguished two approaches for damage assessment, which we expected might yield different results in terms of which
impacts different data resolutions may have in damage assessment. The first type are threshold-based approaches, where a unit-
damage is assigned to an object if the water level exceeds a defined threshold. In Denmark, such approaches are frequently
applied in the context of pluvial risk assessments (Kaspersen and Halsnas, 2017; Odense Kommune, 2014; Olsen et al.,
2015), because water levels are generally low. In the international literature, depth-damage curves are widely applied (Penning-
Rowsell et al., 2013; Thieken et al., 2008), where damage potentials are assigned to different objects in the urban space.
Depending on the flood water level, different portions of the damage potential are realized.

We considered the framework of Olsen et al. (2015) as an example for the unit-damage approach, while the framework
of Beckers et al. (2013) was considered as an example for the depth-damage based approach. The latter builds on damage
functions from FLEMO. It is the only example we were able to find in the literature where damage potentials for residential and
commercial properties were published for the same case study. We have therefore selected it for our work. Table 1 summarizes
both approaches. We have not considered damages to road structures, because these were of negligible magnitude.

Flood damages were derived by overlaying the simulated flood areas with the building polygons. A damage per sqm was
derived for each building, considering the damage functions shown in Table 1. The building polygons were then rasterized
to a resolution of 1m and subsequently aggregated to the the different data resolutions used for fitting the regression models
detailed in Sect. 3.4.

We have also derived flood damages for the baseline simulation where buildings were not included in the DEM. The damage
values were not used for regression, but are shown in the results section, as they provide insight on the impact of blocked flow

paths on damage assessment.
3.4 D - Flood damage regression
3.4.1 Model setup

In the regression of flood damages, we considered the building footprint area A o044, 1[5 flooded with a water level above
threshold W L[i] as the main input variable. This area was determined by down-sampling the building raster data with resolu-
tions of 25, 50, 100, 200, 300, 500, 750 and 1000m to the same resolution as the flood maps (Sm) and summing up the building

areas for all pixels which were flooded above the threshold of interest.
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We reasoned that the regression models should reflect the characteristics of the damage function applied in the original
damage assessment. We have therefore considered a model structure based on the three building classes considered in damage
assessment. A square-root transformation was applied to both input and output variables based on an analysis of scatter plots
between inputs and outputs:

n
=

0. 0.5
D™ = Z(bliAflooded,res,WL[i]—'_
i=1
0.5
bQiAflooded,comm,WL[i]+

b3iA(])”.lE())oded,pub,WL[i] ) . (6)

The flooded building footprint areas for residential (Afiooded,res), commercial (A fiooded,pub) and public (A fiooded,pub)
buildings were computed as the total footprint area of the corresponding class that was flooded above water level W L[]
and below W L[i + 1]. The mapping between the 11 building types considered in our case study and three building classes
considered for damage assessment is illustrated in Table S1.

Both, for the damage data derived based on Olsen et al. (2015) and on Beckers et al. (2013), we have applied Eq. (6) with a
single damage threshold of 0.1m, resulting in a model with three input variables that corresponded to the total flooded footprint
area for each building type. This approach was in the following named DMODI. In addition, for the damage data derived
based on Beckers et al. (2013), we also applied a model where all five water level thresholds shown in Table 1 were considered.
The result was a regression model with 15 input variables that reflected the building footprint areas flooded above the different
water level thresholds considered in the original damage assessment. This approach was called DMOD?2.

Similar to the approach for impervious areas in Sect. 3.1, we fitted the regression models DMOD1 and DMOD?2 considering
80 different input data resolutions between 25 and 2000m. The flooded building area Ay vy [;) Was always determined at a
resolution of 5m (corresponding to the resolution of the flood map), and was subsequently aggregated to the resolution that
should be used for regression fitting.

To distinguish to what extent coarse building data affect damage assessment by creating uncertainty on flood exposure or
flood hazard, we derived flooded building areas both from the baseline flood map and from the flood map created in a 2D

simulation with the aggregated building data which were also considered for damage regression.
3.4.2 Performance assessment

To assess model performance, we performed cross validation. The city was divided into subareas of 2000x2000m (see Sect.
S5 in the supporting information). We trained the regression model on a random sample of 80% of the subareas and assessed
model performance on the remaining 20%. This process was repeated k£ = 1000 times.

When the regression models were fitted to datasets with resolutions finer than 2000m, we linked the pixels at the lower data
resolution to the subarea with which they overlapped most. Regression modeling was then performed at the finer resolution,
and predicted damages for each subarea were computed by aggregating the values from the linked pixels. The subdivision into

subareas allowed us to evaluate model performance at a constant spatial scale despite applying different data resolutions for

10
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model fitting. However, it had the disadvantage that the pixels in the datasets used for regression modeling were not always
completely included in a subarea, leading to noise in the computed scores.
To evaluate regression fit, we computed the NSE of damage values D),.cq, ;1 predicted for each subarea j in the validation

dataset by comparing against the baseline damage Dyqsciine,; Value for the same subarea:

Zj (DpTed,j,k - l)baseline,j)2

NSEp.cvaooor =1— —_— @)
Zj (Dbaseline,j - Dbaseline)2

In addition, we computed the total damage ratio D R, ;, considering all subareas j in the validation dataset as

DRtot,k = ZDpred,j,k/ZDbaseline,j~ (8)

J J

Median values of NSEp cvao00,x and DRy, were considered in the analysis of results. For the cases where flooded
building areas Ajj,odeq,w r[i) Were derived based on the flood map from the baseline simulation, scores were marked with

subscript BF.

4 Results

The results section was structured into the same parts that were also highlighted in Fig. (3). Performance scores related to the
simulation of flood hazards and the assessment of flood damages (parts B to D) were collected in Tables 2 and 3, distinguishing

results for building data with varying resolutions.
4.1 A - Estimation of impervious areas

Figure 4 summarizes NSEaimpk, RBIAS gimp . and RMSE pimp 1, Where regression models for impervious area were
fitted for varying data resolutions (Az f;+), and where the coefficients fitted for one resolution were used to predict impervious
areas considering building data aggregated to varying resolutions as input (Azp,eq). Subfigures A-C show histograms of the
score values obtained during 1000 cross validation iterations for the combination Az iy = Azpreq = 500m, while subfigures
D-F show median values of NSFE gipp 1, and RBIAS gimp 1 and the standard deviation of RM S E gimyp ;. obtained for each
of the 80 - 80 combinations of Az ¢;; and Azpyeq.

When the regression models were fitted to data with resolutions below approximately 250m, the relationship between build-
ing footprint areas and imperviousness could not be identified, because building footprint areas would then not necessarily be
located in the same pixels as the associated features of the urban layout (e.g., sidewalks). This lead to low values for NSE 4,
and an under-prediction of the total imperviousness (RBIAS Ajmp < 1). Values of N.SE 44y, above 0.95 were achieved when
predicting impervious areas at spatial scales above 500m. For finer spatial scales, there would be random variations in the
imperviousness that could not be explained by the amount of building footprint areas alone (see also Fig. (S1)).

While the median predictive performance of the regression models (NSE g, and RBIAS 4;y,p) remained constant for

fitting resolutions between approximately 250 and 2000m, the standard deviation of the RM SE values obtained for a fixed
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Figure 4. Subfigures A-C: Histograms of NSE Aimp, ks RBIAS gimp, and RM S Ey, obtained during 1000 cross validation iterations k for
the combination of fitting resolution Ax ¢;; = 500m and prediction resolution Azpr.q = 500m. Red lines in subfigures A and B indicate
median values. Subfigures D and E: median values of NSEaimp,kx and RBIAS aimp,, obtained for varying combinations of Ax ;¢ and
Axpreq. Subfigures F: standard deviation (log-transformed) of RM S Ej; obtained for varying values of Az s;; and selected values of Azpyeq

(dots with varying colours).

prediction resolution was minimal for fitting resolutions in the order of 400m, i.e., for coarser fitting resolutions there would be
a larger portion of the cross validation iterations where the regression models would not be properly identified. This behavior
was considered plausible, because coarser fitting resolution are accompanied by a loss of information on spatial variability, and
because the decreasing number of data points may make it harder to identify the models. Thus, for our case study, we identified
a fitting resolution of 400m as the optimal trade-off between capturing the link between urban layout and imperviousness by

data aggregating data into large enough pixels, and avoiding loss of information by blurring the dataset.
4.2 B - 2D flood simulation

Figure 5 shows the total area which was simulated flooded above different water level thresholds. Results are compared for the
baseline model and for a model where imperviousness was specified based on building footprint areas aggregated to a raster

resolution of 200m. The figure suggests that the model based on aggregated building data simulated fewer areas flooded with
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Figure 5. Total area flooded above water level threshold in baseline 2D simulation and in simulation based on building footprint areas
aggregated to 200m raster. Results are shown for return periods of 20 (left) and 100 (right) years. Maps below the plots illustrate simulated

water depths in the different cases with background showing building footprint polygons (baseline) and total building footprint area per

200x200m pixel (aggregate building data).

high water levels for the 20 year event. The reason was that this model did not consider the blockage of surface flow paths by
buildings. The effect can also be seen by comparing the flood maps in the lower part of Fig. (5).

For the 100 year event, similar total flooded areas were obtained for both models, which can be associated to the greater
degree of water movement on the surface and, as a result, the filling of sinks in both models. However, the performance scores
shown in Table 3 suggest that there was substantial disagreement between the two models in where flooding occurred. It was
difficult to conclude how severely simulated flood maps deviated from the baseline in absolute terms because the performance
scores were based on pixel by pixel comparisons, and thus suffered from double penalty issues.

For both return periods, the score values in Tables 2 and 3 suggest that the flood maps generated with models based on
aggregated building data generally resembled the flood map from the baseline simulation without buildings. An increasingly
coarse representation of imperviousness in the model thus had little impact on the simulated flood maps as compared to the
effect caused by the blockage of flow paths in the baseline simulation.

A minor effect was noticeable in particular in the total simulated flood areas. Coarse building area resolutions implied

that impervious areas would be distributed increasingly evenly over the catchment, leading to the distribution of effective
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precipitation over larger areas , surface flows with small water levels and, as a result, fewer areas where water levels would
exceed the threshold of 0.1m. On the other hand, total impervious areas would be underestimated by the regression model
for fine building datasets as a result of the regression specification without intercept. In fact, total impervious areas would
be underestimated by 10% with the 25m building raster set, while the bias would exponentially decrease to under 1% at a
resolution of 300m. These two competing effects implied that the flood maps obtained based on 25m building raster data
resembled the baseline best in the 20 year event, where runoff depths were comparably small, and significant water depths
only occurred due to an aggregation of impervious areas. For the 100 year event, raster sets with resolutions of 50 and 100m
yielded the best trade-off between avoiding an underestimation of impervious areas and ensuring sufficient spatial aggregation
of impervious areas.

It needs to be emphasized that the effects discussed above were very minor compared to the impact of whether buildings
were considered in the DEM applied for 2D simulation or not. The missing impact of increasingly coarse representations of
imperviousness is likely to be linked to the fact that sewer systems were considered by reducing effective rainfall in a manner
which was proportional to the imperviousness in a pixel (Eq. (5)), i.e., the design of the assumed sewer system followed the

distribution of impervious areas in space.
4.3 C - Damage assessment

Figure 6 compares damages derived based on the baseline flood map and based on the flood map where buildings were not
considered in the 2D simulation of surface flows. In general, the latter approach lead to an underestimation of flood damages,
because blocked flow paths in the baseline lead to higher water levels.

The figure also illustrates differences in the results obtained for the two damage frameworks. Considering an aggregation
level of 400m, we noticed individual pixels where damages derived using depth-damage curves (Beckers et al., 2013) were
several times greater than for the threshold-based method (Olsen et al., 2015), while damages were of similar magnitude on
an aggregation level of 2000m. In addition, the approach based on depth-damage curves was subject to stronger variations
and and stronger underestimation of total damages. These effects were mainly caused by large commercial buildings which
could induce very high damage values when water ponded next to these buildings in the baseline simulation, even though the
flooded area would often be small. The threshold-based damage assessment was more robust towards such effects, because a

unit damage would be assigned which depended on neither the building size nor the water level.
4.4 D - Damage regression

Performance scores for damage regression models fitted based on building data with varying aggregation levels were summa-
rized in Tables 2 and 3. The scores shown in the tables were derived considering a data resolution Az y;; of 1000m.

The damage regression generally scored high values for NSEp cy2000 (median values obtained in cross validation) and
only slightly biased total damages (D R;,:), suggesting that, on aggregation levels of 2000m and above, the regression models
were able to compensate for deviations in both the simulated flood area and for aggregated representations of building exposure

in the form of raster representations of building footprint areas. In addition, there was little difference in the regression scores
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Figure 6. Scatterplots of flood damages estimated based on 2D flood simulations with (baseline) and without buildings included in DEM.
Results are shown for return periods of 20 (top row) and 100 (bottom row) years, for both damage assessment frameworks and for spatial

aggregation levels of 400 and 2000m. Damages were assessed by overlaying building polygons and the corresponding flood areas.

when flooded building areas were derived using flood maps created based on the aggregated building data, and when the
baseline flood map was applied (comparing NSEp cvaoo0 and NSEp cvaoo0,BF), Supporting the statement above.

Both of the above statements were not true for the cases where damages were derived based on the framework of Beckers
et al. (2013) in the 20 year event. Similar to the observations in Sect. 4.2 and 4.3, this effect was tied to local ponding near
large buildings in the baseline simulation and the associated large damages assigned by the framework of Beckers et al. (2013).
NSEp.cvaooo,gr Was much higher in these cases than NSEp cy2000 Which underlines that the regression models were not
able to reproduce damages simply because no or insufficient degrees of flooding were simulated in areas where major damages
occurred.

Figure 7 illustrates how N.SEp cva000 varied when different data resolutions were applied for regression model fitting
(Az;4), and when different building data resolutions were considered for both parametrizing imperviousness in the surface
flood simulations and for computing flooded building area as input to the regression models. As the computed score values
were noisy (see Sect. 3.4), we have displayed smoothed lines (R function "‘loess"” with parameter span = 0.25 (Cleveland
et al., 1992; R Core Team, 2018)). True values were included as dots to illustrate the level of variation around the smoothed
line. Values obtained for the best performing building data resolution of 200m were colored blue.

Similar to the the results obtained for impervious areas, a minimal data resolution between 200 and 1000m was required
to properly identify the regression models, depending on the damage framework and the resolution of the building data con-

sidered. More surprisingly, building data with a resolution of 200m consistently yielded high NSEp cv2000 values, while
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Figure 7. NSEp,cv2000 considering flood damage regression models (DMOD1) fitted at different data resolutions (Ax s;+) and consid-
ering building data aggregated to different resolutions in m (lines with varying colors). Lines were smoothed while dots indicate the true
NSEp,cvaooo values derived for each combination of fitting resolution and building input data resolution. Dots were colored blue for a

building data resolution of 200m and grey otherwise.

high resolution building data only yielded high score values when damages were computed according to the threshold-based
approach of Olsen et al. (2015).

Figure 8 illustrates for the framework of Beckers et al. (2013) and a return period of 100 years the damages computed in
the baseline simulation, and compares them against regression predictions generated using building data aggregated to raster
resolutions of 25, 200 and 750m. For a building data resolution of 25m substantial over- and under-predictions of damages were
observed. These effects were mediated when considering coarser building data with a resolution of 200m, while the coarsest
building dataset with a resolution of 750m no longer allowed to capture the spatial variability of flood damages.

Figure 2 illustrates simulated flood areas and building data for the pixels marked as "‘Area 1" and "‘Area 2"’ in Fig. (8).
Similar damages were observed in the baseline simulation for both areas. However, the extent of the flooded area is very
different in both cases. In particular, only very small parts of the building overlap with the flooded area in area 2 for a building
data resolution of 25m. For a data resolution of 200m, the spatial averaging of building areas leads to a lower value for the

flooded building area in area 1, and a higher value in area 2, allowing for a better regression fit. Similar to the discussion in
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Figure 8. Flood damages predicted by DMOD1 on an aggregation level of 500, considering the baseline dataset and regression predictions
generated with building data aggregated to resolutions of 25, 200 and 750m. Damages were computed using the framework documented by

Beckers et al. (2013) for a return period of 100 years. Flood areas and building data for the pixels named area 1 and 2 are shown in Fig. (2).

Sect. 4.3, this effect was less pronounced when flood damages were computed according to the framework of Olsen et al.
(2015), because the threshold-method was less prone to creating high damages in individual locations.

Finally, comparing values of NSEp cvaooo and DRy, for DMOD1 and DMOD?2 in Tables 2 and 3, little difference could

360 be observed between the two models. In fact, the more complex DMOD2 occasionally yielded lower scores, because more

parameters needed to be identified. In addition, the flooded building areas for different level thresholds were correlated, be-

cause areas with high water depths would typically also be associated with greater flood extents in general (Fig. (2)), and the

additional variables thus yielded little additional information in the regression process.

5 Discussion

365 5.1 Using aggregated building data for flood risk assessment

The results suggest that the consideration of aggregated building data affected both the simulation of flood hazards, and the
assessment of flood damages. In terms of the simulated flood hazards, the main effect arose from not considering the blockage
of surface flow paths in the 2D flood simulations when considering aggregated building data, while coarse representations of

imperviousness had little effect.
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Despite the aggregation of building data, we were able to achieve realistic representations of flood exposure, which was
illustrated by the high NSEp cv2000 and DRy, values obtained during damage regression. Building data aggregated to res-
olutions in the order of 200m yielded better regression performance than building data with finer resolutions when considering
damages derived using the depth-damage based framework of Beckers et al. (2013). Performance of the finer and coarser
datasets was similar when considering damages derived based on the threshold-based framework of Olsen et al. (2015). These
trends were independent on whether the baseline flood map was applied in damage regression, or the flood map simulated based
on aggregated building data. Slightly higher aggregation levels of the building raster sets can thus be considered beneficial for
flood screening approaches, as it yields a more robust representation of flood exposure.

The damage regression yielded total damage estimates that, for a building data resolution of 200m, differed between 1 and
10% from the baseline values. This was considerably better than the total damage values obtained in the baseline simulation
where buildings were neglected in the 2D flood simulation, but damage assessment was performed using building polygon data.

This highlights the need for adjusting damage frameworks developed for high-resolution data to the actual modeling context.
5.2 Damage frameworks for pluvial flood risk assessment

The damage assessment approach based on depth-damage curves (Beckers et al., 2013) produced high, localized damage values
where flow paths were blocked by large buildings. These situations were difficult to reproduce using aggregated building data,
because it was not possible to simulate the local ponding of water, in particular for the smaller event.

It is questionable whether this damage assessment approach is reasonable for pluvial flood risk, because it relies on modeled
water depths which in reality would be unlikely to occur in this form, because the water would likely enter the building and
distribute without causing major structural damages. Damage assessment approaches which are less sensitive to water depths
may thus be preferable for pluvial flood risk assessment.

The issue could be mitigated by explicitly considering water flow through buildings in the surface flow model, which, how-
ever, poses technical challenges. Alternatively, robust regression approaches are likely to yield better results when performing

damage regression in the presence of such issues.
5.3 Data resolution in the development of scaling approaches

Very clear dependencies on spatial scale could be identified when developing regression models that predicted impervious
areas as a function of building footprint areas. The optimal data resolution for developing these models was identified to be in
the order of 400m. For finer data resolutions, buildings would not necessarily be located in the same pixel as other impervious
areas linked to the buildings (e.g., sidewalks), resulting in an underestimation of impervious areas by the regression models.
For coarser resolutions, the data would gradually become too aggregated to properly identify the link between the different
building types and imperviousness, leading to a stronger variability of the results during cross-validation. Reliable predictions
of imperviousness could be obtained at spatial scales above 500m (NSE>0.95).

In a similar manner, the performance of regression models for flood damages only reached acceptable levels when data

resolutions between 500 and 1000m were considered during parameter estimation, depending on the level of aggregation of
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the considered building dataset. D R, approached values near 1 only when data resolutions Ax ¢;; of 1500m and coarser were
considered (see Figure S4), suggesting that the data needed to be aggregated to such levels to counterbalance local variations

in where flooding was simulated and which buildings were exposed to flooding.
5.4 Limitations

We performed 2D surface flow simulations based on publicly available DEM data where buildings and plants were removed in
an automated manner. Our results suggest that the simulated flood maps were very strongly affected by whether the blockage
of flow paths through buildings was considered in the DEM or not. Remnants originating from the DEM cleaning process may
affect this result and could be an explanation for the rather low performance scores of the simulations where buildings were not
included in the DEM. For example, slight misalignments between building polygons and building locations in the DEM may
result in artificial sinks in the baseline simulation which would not be possible to reproduce in simulations without buildings.

Our 2D flood modeling approach was a simplified representation of the urban water cycle. This approach was justified as
our intention was to evaluate which spatial scales should be considered in the development of flood screening approaches. For
detailed assessment of the risk we would recommend 1D-2D calculation methods to more accurately represent where flooding
occurs in the catchment.

Finally, the regression models for imperviousness and flood damages are likely to depend on topography and urban layout.
Thus, different models would need to be trained for different case studies, while we expect that the scale dependencies identified
in our work are generic. More importantly, if landuse planning is implemented in a flood-aware manner, the relationship
between flood damages and the flooded building area computed from aggregated data will change. This effect can be considered
by training regression models to different datasets, which is an important line of future research in the development of flood

screening approaches.

6 Conclusions

We studied how different data resolutions affect the identification of empirical relationships between building data and urban
hydrology, and at which spatial scales reasonable predictions could be obtained. Based on our results, we draw the following

conclusions:

1. The identification of empirical relations between urban layout and urban hydrology is subject to a bias-variance-tradeoft.
Too fine spatial data resolutions prevent the identification of empirical relationships and lead to biased results, while too
coarse resolutions reduce the number of data points and blur out spatial variations, leading to uncertainty in the estimated

relationships.

2. Simulated pluvial flood hazards are strongly affected by whether surface flow simulations consider the blockage of
flow paths through buildings, and less by spatially averaged representations of imperviousness during rainfall runoff

calculations.
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3. Water levels are underestimated if local ponding near buildings is not considered in the surface flow simulations, as
would be the case when considering aggregated building data for flood screening. Without correction, this effect also

leads to an underestimation of flood damages.

4. A simple regression model predicting flood damages in an area as a function of the amount of flooded building area can,
to some extent, compensate for deficiencies in the simulated flood area. Building data aggregated to resolutions in the
order of 200m are the preferred input and perform more robust than building data with finer resolutions, because they

reduce local extrema in flooded building areas.

5. Regression models for flood damage must be expected to depend on whether flood-aware spatial planning was applied
in the case study used for model training or not. Different models must thus be trained to consider different land-use

management strategies.

6. Local ponding next to large buildings can create rather large water levels in simulations of pluvial flood risk that may be
unrealistic. Damage assessment frameworks where damages increase as a function of water levels are vulnerable to this

type of error which is specific to pluvial flood risk.

Code and data availability. Computer code for fitting regression models for imperviousness and flood damages was made available by
Lowe (2019). Building and imperviousness data were proprietary. These datasets and the derived 2D flood models were therefore not made

available. Upon request, the authors will attempt to obtain permission for sharing this data.

Author contributions. Roland Lowe performed the analysis and led the preparation of the manuscript. Karsten Arnbjerg-Nielsen supported

the scoping of the study and provided feedback on various iterations of the results and the manuscript.

Competing interests. We declare no conflict of interest.

Acknowledgements. This project was funded by Innovation Fund Denmark through the Water Smart Cities Project (Grant no. 5157-00009B).
We wish to thank Odense municipality and Vandcenter Syd (VCS Denmark) for the provision of data used in this study. In particular, we

wish to thank Agnethe N. Pedersen and Nena Kroghsbo for their support, feedback and discussions.

20



460

465

470

475

480

485

490

https://doi.org/10.5194/nhess-2019-272
Preprint. Discussion started: 30 August 2019
(© Author(s) 2019. CC BY 4.0 License.

References

Agency for Data Supply and Efficiency: DHM/Overflade (0,4 m grid), download.kortforsyningen.dk, 2017.

Bach, P. M., Deletic, A., Urich, C., Sitzenfrei, R., Kleidorfer, M., Rauch, W., and McCarthy, D. T.: Modelling Interactions Between Lot-Scale
Decentralised Water Infrastructure and Urban Form - a Case Study on Infiltration Systems, Water Resources Management, 27, 4845-4863,
https://doi.org/10.1007/s11269-013-0442-9, 2013.

Bach, P. M., Deletic, A., Urich, C., and Mccarthy, D. T.: Modelling characteristics of the urban form to support water systems planning,
Environmental Modelling and Software, 104, 249-269, https://doi.org/10.1016/j.envsoft.2018.02.012, 2018.

Beckers, A., Dewals, B., Erpicum, S., Dujardin, S., Detrembleur, S., Teller, J., Pirotton, M., and Archambeau, P.: Contribution of land use
changes to future flood damage along the river Meuse in the Walloon region, Natural Hazards and Earth System Sciences, 13, 2301-2318,
https://doi.org/10.5194/nhess-13-2301-2013, 2013.

Bennett, N. D., Croke, B. F. W., Guariso, G., Guillaume, J. H. A., Hamilton, S. H., Jakeman, A. J., Marsili-Libelli, S., Newham, L. T. H.,
Norton, J., Perrin, C., Pierce, S. a., Robson, B., Seppelt, R., Voinov, A., Fath, B. D., and Andreassian, V.: Characterising performance of
environmental models, Environmental Modelling & Software, 40, 1-20, https://doi.org/10.1016/j.envsoft.2012.09.011, 2013.

Bermudez, M., Ntegeka, V., Wolfs, V., and Willems, P.: Development and Comparison of Two Fast Surrogate Models for Urban Pluvial
Flood Simulations, Water Resources Management, 32, 2801-2815, https://doi.org/10.1007/s11269-018-1959-8, 2018.

Bruwier, M., Mustafa, A., Aliaga, D. G., Archambeau, P., Erpicum, S., Nishida, G., Zhang, X., Pirotton, M., Teller, J., and Dewals, B.:
Influence of urban pattern on inundation flow in floodplains of lowland rivers, Science of the Total Environment, 622-623, 446458,
https://doi.org/10.1016/j.scitotenv.2017.11.325, 2018.

Butler, D. and Davies, J. W.: Urban Drainage, Spon Press, London and New York, London, United Kingdom, 3rd edn., http://www.kuliah.
ftsl.itb.ac.id/wp-content/uploads/2016/10/Urban- Drainage- 3rd-Edition.pdf, 2011.

Cammerer, H., Thieken, A. H., and Lammel, J.: Adaptability and transferability of flood loss functions in residential areas, Natural Hazards
and Earth System Sciences, 13, 3063—3081, https://doi.org/10.5194/nhess-13-3063-2013, 2013.

Chabaeva, A., Civco, D. L., and Hurd, J. D.: Assessment of Impervious Surface Estimation Techniques, Journal of Hydrologic Engineering,
14, 377-387, https://doi.org/10.1061/(ASCE)1084-0699(2009)14:4(377), 2009.

Cleveland, W. S., Grosse, E., and Shyu, W. M.: Local regression models, in: Statistical Models in S, edited by Chambers, J. M. and Hastie,
T. J., chap. 8, Wadsworth & Brooks/Cole, 1992.

Cohen, B.: Urban Growth in Developing Countries: A Review of Current Trends and a Caution Regarding Existing Forecasts, World Devel-
opment, 32, 23-51, https://doi.org/10.1016/j.worlddev.2003.04.008, 2004.

de Moel, H., Jongman, B., Kreibich, H., Merz, B., Penning-Rowsell, E., and Ward, P. J.: Flood risk assessments at different spatial scales,
Mitigation and Adaptation Strategies for Global Change, 20, 865-890, https://doi.org/10.1007/s11027-015-9654-z, 2015.

DHI: MIKE 21 Flow Model & MIKE 21 Flood Screening Tool - Hydrodynamic Module - Scientific Documentation, Tech. rep., DHI Water
Environment Health, Hgrsholm, Denmark, https://www.mikepoweredbydhi.com/, 2016.

Di Baldassarre, G., Viglione, A., Carr, G., Kuil, L., Yan, K., Brandimarte, L., and Bloschl, G.: Debates - Perspectives
on socio-hydrology: Capturing feedbacks between physical and social processes, Water Resources Research, 51, 4770-4781,
https://doi.org/10.1002/2014WR016416, 2015.

Granger, C. W. J. and Jeon, Y.. Long-term forecasting and evaluation, International Journal of Forecasting, 23, 539-551,

https://doi.org/10.1016/j.ijforecast.2007.07.002, 2007.

21



495

500

505

510

515

520

525

https://doi.org/10.5194/nhess-2019-272
Preprint. Discussion started: 30 August 2019
(© Author(s) 2019. CC BY 4.0 License.

Hall, J., Arheimer, B., Borga, M., Brazdil, R., Claps, P, Kiss, A., Kjeldsen, T. R., Kriau¢unien¢, J., Kundzewicz, Z. W., Lang, M., Llasat,
M. C., Macdonald, N., Mclntyre, N., Mediero, L., Merz, B., Merz, R., Molnar, P., Montanari, A., Neuhold, C., Parajka, J., Perdigdo, R.
A. P, Plavcovd, L., Rogger, M., Salinas, J. L., Sauquet, E., Schir, C., Szolgay, J., Viglione, A., and Bloschl, G.: Understanding flood regime
changes in Europe: A state-of-the-art assessment, Hydrology and Earth System Sciences, 18, 2735-2772, https://doi.org/10.5194/hess-18-
2735-2014, 2014.

Hammond, M., Chen, A., Djordjevic, S., Butler, D., and Mark, O.: Urban flood impact assessment: A state-of-the-art review, Urban Water
Journal, 12, 14-29, https://doi.org/10.1080/1573062X.2013.857421, 2015.

Hinkel, J., Lincke, D., Vafeidis, A. T., Perrette, M., Nicholls, R. J., Tol, R. S. J., Marzeion, B., Fettweis, X., Ionescu, C., and Levermann,
A.: Coastal flood damage and adaptation costs under 21st century sea-level rise., Proceedings of the National Academy of Sciences of the
United States of America, 111, 3292-7, https://doi.org/10.1073/pnas.1222469111, 2014.

Huong, H. T. L. and Pathirana, A.: Urbanization and climate change impacts on future urban flood risk in Can Tho city, Vietnam, Hydrology
and Earth System Sciences, 17, 379-394, https://doi.org/10.5194/hess-17-379-2013, 2013.

Jamali, B., Lowe, R., Bach, P. M., Urich, C., Arnbjerg-Nielsen, K., and Deletic, A.: A rapid urban flood inundation and damage assessment
model, Journal of Hydrology, 564, 1085-1098, https://doi.org/10.1016/].jhydrol.2018.07.064, 2018.

Kaspersen, P. S. and Halsnas, K.: Integrated climate change risk assessment: A practical application for urban flooding during extreme
precipitation, Climate Services, 6, 55-64, https://doi.org/10.1016/j.cliser.2017.06.012, 2017.

Kaspersen, P. S., Ravn, N. H., Arnbjerg-Nielsen, K., Madsen, H., and Drews, M.: Comparison of the impacts of urban develop-
ment and climate change on exposing European cities to pluvial flooding, Hydrology and Earth System Sciences, 21, 4131-4147,
https://doi.org/10.5194/hess-21-4131-2017, 2017.

Kreibich, H., Seifert, I., Merz, B., and Thieken, A. H.: Development of FLEMOcs — a new model for the estimation of flood losses in the
commercial sector, Hydrological Sciences Journal, 55, 1302-1314, https://doi.org/10.1080/02626667.2010.529815, 2010.

Kwakkel, J. H., Haasnoot, M., and Walker, W. E.: Developing dynamic adaptive policy pathways: a computer-assisted approach for de-
veloping adaptive strategies for a deeply uncertain world, Climatic Change, 132, 373-386, https://doi.org/10.1007/s10584-014-1210-4,
2015.

Lowe, R.: Urban pluvial flood risk assessment - data resolution and spatial scale when developing screening approaches on the micro scale -
Computer code, https://doi.org/10.11583/DTU.8863766, 2019.

Lowe, R., Urich, C., Sto. Domingo, N., Mark, O., Deletic, A., and Arnbjerg-Nielsen, K.: Assessment of Urban Pluvial Flood Risk and
Efficiency of Adaptation Options Through Simulations — A New Generation of Urban Planning Tools, Journal of Hydrology, 550, 355—
367, https://doi.org/10.1016/j.jhydrol.2017.05.009, 2017.

Lowe, R., Urich, C., Kulahci, M., Radhakrishnan, M., Deletic, A., and Arnbjerg-Nielsen, K.: Simulating flood risk under non-stationary
climate and urban development conditions — Experimental setup for multiple hazards and a variety of scenarios, Environmental Modelling
and Software, 102C, 155-171, https://doi.org/10.1016/j.envsoft.2018.01.008, 2018.

Lowe, R., Kleidorfer, M., and Arnbjerg-Nielsen, K.: Data-driven approaches to derive parameters for lot-scale urban development models,
Cities, 95, 102 374, https://doi.org/10.1016/j.cities.2019.06.005, 2019.

Madsen, H., Lawrence, D., Lang, M., Martinkova, M., and Kjeldsen, T. R.: Review of trend analysis and climate change projections of

extreme precipitation and floods in Europe, Journal of Hydrology, 519, 3634-3650, https://doi.org/10.1016/j.jhydrol.2014.11.003, 2014.

22



530

535

540

545

550

555

560

https://doi.org/10.5194/nhess-2019-272
Preprint. Discussion started: 30 August 2019
(© Author(s) 2019. CC BY 4.0 License.

Muis, S., Giineralp, B., Jongman, B., Aerts, J. C. J. H.,, and Ward, P. J.: Flood risk and adaptation strategies under climate
change and urban expansion: A probabilistic analysis using global data., Science of the Total Environment, 538, 445-457,
https://doi.org/10.1016/j.scitotenv.2015.08.068, 2015.

Muller, M.: Adapting to climate change: water management for urban resilience, Environment and Urbanization, 19, 99-113,
https://doi.org/10.1177/0956247807076726, 2007.

Mustafa, A., Bruwier, M., Archambeau, P., Erpicum, S., Pirotton, M., Dewals, B., and Teller, J.: Effects of spatial planning on future flood
risks in urban environments, Journal of Environmental Management, 225, 193-204, https://doi.org/10.1016/j.jenvman.2018.07.090, 2018.

Odense Kommune: Klimatilpasningsplan - Baggrundsrapport til kommuneplantilleg nr. 1, Tech. rep., Odense Kommune, Odense, Denmark,
http://www.klimatilpasning.dk/media/1099290/tillg{ _}nrl{_}klimatilpasningkommuneplan{_}20132025.pdf, 2014.

Olsen, A., Zhou, Q., Linde, J., and Arnbjerg-Nielsen, K.: Comparing Methods of Calculating Expected Annual Damage in Urban Pluvial
Flood Risk Assessments, Water, 7, 255-270, https://doi.org/10.3390/w7010255, http://www.mdpi.com/2073-4441/7/1/255/, 2015.

Penning-Rowsell, E., Priest, S., Parker, D., Morris, J., Tunstall, S., Viavattene, C., Chatterton, J., and Owen, D.: Flood and
Coastal Erosion Risk Management - A Manual for Economic Appraisal, Routledge, London, United Kingdom, Ist edn.,
https://doi.org/10.4324/9780203066393, 2013.

R Core Team: R: A Language and Environment for Statistical Computing, https://www.r-project.org/, 2018.

Radhakrishnan, M., Nguyen, H. Q., Gersonius, B., Pathirana, A., Vinh, K. Q., Ashley, R. M., and Zevenbergen, C.: Coping capacities for
improving adaptation pathways for flood protection in Can Tho, Vietnam, Climatic Change, 149, 29—41, https://doi.org/10.1007/s10584-
017-1999-8, 2018.

Sekovski, I., Armaroli, C., Calabrese, L., Mancini, F., Stecchi, F., and Perini, L.: Coupling scenarios of urban growth and flood hazards along
the Emilia-Romagna coast (Italy), Natural Hazards and Earth System Sciences, 15, 2331-2346, https://doi.org/10.5194/nhess-15-2331-
2015, 2015.

Semadeni-Davies, A., Hernebring, C., Svensson, G., and Gustafsson, L. G.: The impacts of climate change and urbanisation on drainage in
Helsingborg, Sweden: Combined sewer system, Journal of Hydrology, 350, 100-113, https://doi.org/10.1016/j.jhydrol.2007.05.028, 2008.

Thieken, A. H., Olschewski, A., Kreibich, H., Kobsch, S., and Merz, B.: Development and evaluation of FLEMOps - A new
Flood Loss Estimation MOdel for the private sector, WIT Transactions on Ecology and the Environment, 118, 315-324,
https://doi.org/10.2495/FRIAR080301, 2008.

Urich, C. and Rauch, W.: Exploring critical pathways for urban water management to identify robust strategies under deep uncertainties,
Water research, 66C, 374-389, https://doi.org/10.1016/j.watres.2014.08.020, 2014.

van Berchum, E. C., Mobley, W., Jonkman, S. N., Timmermans, J. S., Kwakkel, J. H., and Brody, S. D.: Evaluation of flood risk reduction
strategies through combinations of interventions, Journal of Flood Risk Management, pp. 1-17, https://doi.org/10.1111/j{r3.12506, 2018.

Wang, Z., Lai, C., Chen, X., Yang, B., Zhao, S., and Bai, X.: Flood hazard risk assessment model based on random forest, Journal of

Hydrology, 527, 1130-1141, https://doi.org/10.1016/j.jhydrol.2015.06.008, 2015.

23



https://doi.org/10.5194/nhess-2019-272
Preprint. Discussion started: 30 August 2019
(© Author(s) 2019. CC BY 4.0 License.

Table 1. Damage assessment frameworks considered in our work

Olsen Beckers et al. (2013)
et al.
(2015)
immobile mobile
type | WL unit WL loss damage loss  damage
[m] dam- | [m] ratio po- ratio  po-
age [%] tential  [%] tential
[EUR] [EUR/ [EUR/
sqm] sqm]
>0.1 3 3
,Tg >0.21 8 8
8 | >01 1800 | >06 11 38 11 119
g >1.0 17 17
>1.5 22 22
>0.1 5 29
o >0.21 9 30
% >0.1 8300 | >0.6 17 370 42 1.32
= >1.0 23 48
>1.5 39 61
>0.1 5 29
g >0.21 9 30
g >0.1 9500 | >0.6 17 343 42 90
% >1.0 23 48
>1.5 39 61
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Table 2. Summary scores for return period T=20 years. The top section compares flood areas simulated with the varying input datasets
against the baseline simulation. The middle and lower section evaluate goodness of fit for the damage regression models, considering separate
results for the two damage assessment frameworks. Values shown for NSFEp and D R correspond to median values obtained during cross
validation. The subscript BF marks those cases were flood areas from the baseline simulation were used to determine flooded building areas

for regression. Score values for damage regression were derived at a fitting resolution Az ;; = 1000m.

Baseline, build-

Aggregated building footprint areas used for predicting

Score ings excluded imperviousness and for damage regression - resolution in m
from DEM 25 50 100 200 300 500 750 1000
Comparisonof  CST 0.55 055 055 055 055 055 055 055 054
simulated flood HR 0.70 069 068 0.67 0.67 067 066 067 0.67
areas FAR 0.27 026 025 024 024 024 025 025 0.26
(WL>0.1m) Afiood/Afiood,paseline 0.96 092 090 0.89 088 088 088 089 090
DMODI-NSEp,cvao00 054 058 066 07 064 067 059 0.64
Flood damage DMODI1-NSEp,cv2000,BF NSE=0.84! 074 086 0.89 088 08 079 072 0.73
assessment DMOD2-NSEp,cva000 052 063 066 065 047 07 0.67 0.74
Beckers et al. DMOD2-NSEp,cv2000,BF 077 087 088 08 075 075 0.7 0.72
(2013) DMODI-DR;o¢ DR=0.68' 08 086 08 09 08 08 074 084
DMODI1-DR;ot,BF 093 092 094 095 091 091 08 0.87
DMOD2-D R0t 087 0.88 091 093 1.01 09 09 097
DMOD2-D Riot,BF 091 093 096 093 095 097 1.03 1.02
Flood damage DMODI-NSEp,cvao00 NSE=0.96! 0.88 0.89 087 086 082 079 075 0.76
assessment DMODI1-NSEp,cv2000,BF 0.88 0.88 0.86 0.84 082 082 0.77 0.8
Olsen et al. DMODI1-D R0t . 092 096 096 095 094 094 09 0.91
(2015) DMODI1-DRiot,BF DR=088 095 096 097 09 09 095 093 093

'NSE was computed by aggregating damages derived for the baseline simulation without buildings to 2000m, and comparing these results against the baseline simulation

with buildings. D R was computed by computing the ratio of total damages in both simulations.
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Table 3. Summary scores for return period T=100 years. The top section compares flood areas simulated with the varying input datasets
against the baseline simulation. The middle and lower section evaluate goodness of fit for the damage regression models, considering separate
results for the two damage assessment frameworks. Values shown for NSFEp and D R correspond to median values obtained during cross
validation. The subscript BF marks those cases were flood areas from the baseline simulation were used to determine flooded building areas

for regression. Score values for damage regression were derived at a fitting resolution Az ;; = 1000m.

Baseline, build-

Aggregated building footprint areas used for predicting

Score ings excluded imperviousness and for damage regression - resolution in m

from DEM 25 50 100 200 300 500 750 1000

Comparisonof  CST 0.59 060 059 059 059 059 059 059 059
simulated flood HR 0.73 071 071 071 070 070 070 070 0.70
areas FAR 0.24 021 023 023 021 021 020 020 0.20
(WL>0.1m) Afiood/Afiood,paseline 0.95 090 093 092 089 088 088 088 0.88
DMODI-NSEp,cvao00 086 086 0.86 0.88 091 091 086 0091
Flood damage DMODI1-NSEp,cv2000,BF NSE=0.94! 089 091 091 091 093 091 0.88 0.9
assessment DMOD2-NSEp,cva000 078 076 0.83 0.88 0.89 088 091 0.86
Beckers et al. DMOD2-NSEp,cv2000,BF 087 0.8 089 09 08 08 088 0.85
(2013) DMODI1-D R0t 092 094 093 095 093 095 09 0.94
DMODI1-DR;ot,BF . 096 097 095 09 095 094 092 095

DMOD2-D R0t PR=081 093 097 095 094 094 097 095 099

DMOD2-D Riot,BF 095 098 096 097 09 09 095 099
Flood damage DMODI-NSEp,cvao00 NSE=0.94! 09 091 092 092 092 09 088 0.9
assessment DMODI1-NSEp,cv2000,BF 094 093 093 093 091 092 089 091
Olsen et al. DMODI1-D R0t . 095 097 099 098 098 097 096 097
(2015) DMODI1-DRiot,BF PR=079 098 097 099 098 097 098 097 098

'NSE was computed by aggregating damages derived for the baseline simulation without buildings to 2000m, and comparing these results against the baseline simulation

with buildings. D R was computed by computing the ratio of total damages in both simulations.
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