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RESEARCH ARTICLE

Impact of alternative land cover descriptions on urban hydrological model
simulations
Teemu Kokkonena, Lassi Warstaa,b, Tero J. Niemi a, Maija Takaa, Nora Sillanpää a, Mikko Pusac, Outi Kesäniemic,
Heidi Saloa and Harri Koivusaloa

aSchool of Engineering, Department of Built Environment, Aalto University, Espoo, Finland; bGain Oy, Helsinki, Finland; cHelsinki Region
Environmental Services Authority HSY, Helsinki, Finland

ABSTRACT
Availability of remotely sensed and openly available land cover datasets is rapidly improving. This
opens promising possibilities for utilizing such data in urban hydrological assessments. However, it
remains unknown how the performance of readily available land cover data compares with manually
collated information when used to construct detailed model parameterizations required in urban
hydrological models. In this study, model runs with alternative land cover data are conducted for
three small study areas with varying urban densities in Helsinki, Finland. The study demonstrates how
different spatial data sources with varying resolutions produce different urban runoff simulation results.
The results suggest that an openly available detailed land cover description can perform equally well
with a laboriously collated manual land cover description. However, mixed land cover types of the pan-
European Urban Atlas dataset are problematic in describing directly connected impervious areas, which
leads to poor modelling results in low density urban areas.
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Introduction

Distributed hydrological models such as the Stormwater
Management Model (SWMM) (Rossman 2015) are routinely
used to design and test stormwater systems in urban areas.
The models provide a cost-effective way to investigate the
robustness of alternative designs for stormwater systems
across land cover and climatic conditions.

Application of the SWMM model requires the simulated area
to be divided into subcatchments and a routing scheme to be
established to connect the subcatchments and the underlying
stormwater drainage systems. Geographical information sys-
tems (GIS) and topographical data have previously been used
to create subcatchments for SWMM model applications (e.g.
Dongquan et al., 2009; Martin et al. 2005; Guan, Sillanpää, and
Koivusalo 2015). Resulting SWMM subcatchments typically com-
prise a mix of different land cover types with varying hydro-
logical properties. This poses a challenge on model calibration
and generalization of the results, as the subcatchment proper-
ties and the corresponding model parameters cannot be
directly linked to urban land cover types (Krebs et al. 2014).

Alternatively, subcatchments can be discretized based on
homogenous land cover types. Krebs et al. (2013), for instance,
delineated subcatchments based on urban land cover types,
such as roofs, streets, or green areas. Sun et al. (2014) sug-
gested that a higher level of catchment discretization provides
improved parameter transferability to other, ungauged sites.
On the other hand, in cases when SWMM is calibrated, the
increasing complexity in spatial representation may not lead
to increased accuracy in flow reproduction (Goldstein, Foti,
and Montalto 2016). An in-depth analysis addressing

interlinkages between gains achieved with SWMM calibration
and complexity of the model structure is offered by Petrucci
and Bonhomme (2014).

The procedure presented by Krebs et al. (2013) to discretize
the subcatchments based on homogenous land cover types
required a substantial amount of manual work. To reduce the
amount of this manual labour, Warsta et al. (2017) developed
the GisToSWMM5 tool, which automatically divides the stu-
died area into subcatchments and connects them to each
other and to the underlying stormwater network.

The availability of remotely sensed and openly available land
cover datasets is rapidly improving. In Finland, the Helsinki
Region Environmental Services Authority (HSY) has produced
a detailed open land cover dataset of the Helsinki region utiliz-
ing e.g. aerial images (HSY 2017). European Environment
Agency has collated the Urban Atlas dataset that provides pan-
European land cover data for urban zones with population
exceeding 50 000 inhabitants (EEA 2017). While having access
to such data facilitates spatial parametrization of urban hydro-
logical models, it remains uncertain how the results compare
against models constructed using manually collated informa-
tion from maps, aerial photographs and site visits. In addition,
earlier research has highlighted the importance of impervious
areas and directly connected impervious areas in controlling
the runoff response in urban areas (Lee and Heaney 2003; Yao,
Chen, and Wei 2017). These characteristics are likely to vary
between different land cover datasets. Moreover, there are
indications that the fraction of imperviousness as estimated
from existing land cover databases can be systematically under-
estimated (Barco, Wong, and Stenstrom 2008).
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The objective of this study is to test the applicability of
different openly available land cover datasets for spatially
distributed high-resolution urban hydrological modelling.
Model runs were conducted for three small urban study
areas with varying urban densities in Helsinki, Finland. The
factors explaining the behavior of different datasets were
investigated and their potential for high resolution urban
hydrological modelling is discussed.

2. Materials

Veräjämäki (60°13ʹ37.7”N 24°58ʹ37.5”E, hereafter low density
area), Pihlajamäki (60°14ʹ05.9”N 25°00ʹ37.0”E, medium density
area), and Pasila (60°11ʹ55.5”N 24°56ʹ24.6”E, high density area)
sites investigated in this study are located in Helsinki, southern
Finland. The mean annual air temperature and the precipita-
tion depth in the Helsinki region are 5.9°C and 655 mm,
respectively (Pirinen et al. 2012).

The low density area (13.9 ha) is loosely built with mostly
detached and row houses and large continuous areas of vege-
tation. The medium density area (33.5 ha) is characterized by
tall concrete buildings surrounded by yards, small forested
patches, and several rock outcrops. Lastly, the high density
area (24.75 ha) represents a city center area with a large
fraction of impermeable surfaces and a dense sewer network.
The stormwater sewer system in all study areas is separated
from the waste water system and has no open channels.
A more detailed description of the study areas is given in
Taka et al. (2017).

Three different land cover datasets were investigated in this
study: (1) a manually tailored reference dataset for the study
region (Man), (2) HSY dataset derived e.g. from aerial images
covering the Helsinki region (HSY), and (3) European wide Urban
Atlas land cover dataset (UA) derived from satellite imagery.

2.1. Reference land cover dataset

The manual reference land cover dataset (Man) was created by
digitizing maps provided by the city of Helsinki in a GIS soft-
ware. In certain areas, such as in forested areas in the medium
density study area, satellite images were used to delineate
rock outcrops and vegetated areas. Google Street view tool
and site visits were used to check and update the land cover
data where changes had occurred in comparison to the city
maps. The SWMM parameter set from Warsta et al. (2017) used
earlier for the same areas was utilized, obtained from Krebs
et al. (2014) for similar Finnish areas. Manually composed land
cover characterization is presented in Figure 1.

2.2. HSY land cover dataset

The HSY land cover dataset (HSY 2017) has been designed to
aid urban planners in stormwater management, land use plan-
ning, and identification of urban green areas.

Land cover is classified into 11 classes based on very high
resolution color infrared aerial orthoimages, LiDAR data, and
datasets such as roads and building footprints provided by the
municipalities of the Helsinki region. The spatial resolution of
the dataset is 50 cm.

The interpretation of vegetated areas is based on the nor-
malized difference vegetation index. The interpretation tech-
niques of vegetation are well established and therefore
discrimination between vegetated and non-vegetated areas
is reliable. However, the discrimination between asphalt and
sand/gravel surfaces is very challenging based solely on their
spectral characteristics. This easily results in mixing between
pervious (sand/gravel) and impervious (asphalt) surfaces in the
interpretation, which can have a significant impact on storm-
water assessments.

The 11 HSY land cover classes were reclassified into corre-
sponding Man classes according to Table 1 and the SWMM
parameters from Man were used accordingly. The study areas
with the HSY land cover characterization are presented in
Figure 2.

2.3 Urban atlas land cover dataset

The Urban Atlas (UA) is an initiative of the European
Commission Directorate-General for Regional and Urban
Policy and the Directorate-General for Enterprise and
Industry with the support of the European Space Agency
and the European Environment Agency (EEA 2010).

The UA dataset was created based on the land use classi-
fication in the CORINE dataset, but with a 100 times higher
resolution (EEA 2017). Using satellite imagery, the urban land
cover is mapped in 27 classes. The dataset for the Helsinki
region was produced in 2016 comprising 70 514 features with
an average area of 5.47 ha.

The UA land cover types could not be directly linked with
the Man dataset due to more general land cover characteriza-
tions in the UA dataset. Therefore, the Discontinuous Dense
Urban Fabric (DDUF), Discontinuous Medium Density Urban
Fabric (DMDUF) and Discontinuous Low Density Urban Fabric
(DLDUF) land cover types were represented as mixed imperme-
able and permeable areas in SWMM simulations where the
fraction of impermeability was directly derived from the UA
provided sealing level values (Figure 3). Two datasets were
created where upper and lower bounds for the sealing levels
of DDUF, DMDUF and DLDUF were applied in UAmax and UAmin

datasets, respectively. The UA land cover types present in the
low, medium and high density areas are listed in Table 2 along
with the applied correspondence to the Man dataset for SWMM
parameterization.

2.4. Hydro-meteorological data

Two tipping-bucket rain gauges (Decagon ECRN-100 High
Resolution Rain gauge) were installed at the low and medium
urban density study areas. Rainfall was recorded as a number
of tips (0.2 mm) per one minute (year 2014) or two minutes
(year 2015). At the high density area, 10 min resolution rainfall
data from the Finnish Meteorological Institute weather station
in Kumpula (60°12ʹ11.05”N 24°57ʹ40.72”E) located approxi-
mately 1 km away from the area was utilized. In addition,
the daily minimum and maximum air temperatures as well
as the daily mean wind speed from the Kumpula weather
station were used in estimating evapotranspiration for
SWMM simulations. Two rainfall-runoff events were studied.
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The first, larger, event occurred on 20–21 August 2014 and
the second, smaller, event on 22–23 October 2015.

Discharge observations were available from the medium den-
sity area for both events and from the low density area for the
latter event whereas from the high density area there were no

observations. In the medium density area, the discharge was
measured at the outfall with a 1 min temporal resolution using
a Nivus OCM Pro ultrasound probe installed in a 1.0 m diameter
concrete stormwater sewer pipe. The runoff measurements suf-
fered from sporadic device malfunctions which caused short
periods of missing data and sudden jumps in the observed
discharge time series especially during peak flows.
Furthermore, the time stamps of the flow measurements were
uncertain and hence a simple lag translation was performed on
the data following Niemi et al. (2017). In the low density area, the
water level and water flow velocity were measured in 5 min
resolution using a ToughSonic14 ultrasonic sensor and
a Starflow Ultrasonic Doppler Instrument Model 6526H, respec-
tively, installed in a 0.4 m diameter concrete stormwater sewer
pipe at the outfall. The location of the measurement station was
problematic due to steeply sloping pipe, and likely resulted in
underestimated discharge observations (Warsta et al. 2017).

Figure 1. Manually composed land cover characterization (Man) and the layout of the stormwater network in (a) low density area, (b) medium density area, and (c)
high density area.

Table 1. Reclassification of HSY land cover types into Man land cover types.

HSY data Man data

Paved roads Asphalt
Unpaved road Sand and gravel
Building Rooftop
Other impervious surface Asphalt
Other open low vegetation Vegetation
Trees 2–10 m Vegetation
Trees 10–15 m Vegetation
Trees 15–20 m Vegetation
Trees > 20 m Vegetation
Rock outcrop Rock outcrop
Bare ground Sand and gravel
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3. Methods

3.1 Model implementations

SWMM models were constructed for the three areas for all
four land cover datasets (Man, HSY, UAmin, UAmax) utilizing
the GisToSWMM5 (Warsta et al. 2017) tool. The tool auto-
matically divides the simulated area into subcatchments
using a uniform Cartesian computational grid, routes the
flow between the grid cells, and directs flow to the inlets
of the underlying drainage network. Finally, a SWMM input
file for simulations is created. In this study a 2� 2 m2 grid
resolution was used. Warsta et al. (2017) allowed all water
on pervious pit cells to infiltrate into the ground while pits
in impervious areas were connected directly to the nearest
stormwater inlet. This can result in a significant water loss
from the system when runoff from impervious areas is

routed through a pit cell located in a pervious area.
Therefore, in this study the impact of pits in the 2� 2 m2

DEM was removed by utilizing a GRASS GIS (GRASS
Development Team 2017) tool r.watershed that produces
a hydrologically connected flow direction grid. By explicitly
defining flow directions for each cell, more realistic SWMM
model descriptions can be created where pervious surfaces
may become temporarily impervious once the depression
storage has been filled during an intense storm event. The
SWMM subcatchment parameters for Man land cover data-
set were obtained from Warsta et al. (2017) and the other
land cover datasets (HSY and UA) were reclassified into Man
classes as described earlier in Sections 2.2 and 2.3. The
slope of each grid cell was computed as an arithmetic
average of slopes between the current cell and the neigh-
boring eight cells. The flow width was derived directly from

Figure 2. Land cover characterization according to the HSY dataset and the layout of the stormwater network in (a) low density area, (b) medium density area, and
(c) high density area.
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grid dimensions. The SWMM subcatchment parameters are
listed in Table 3.

Stormwater discharge for the two events was simulated
with all models and the results between different land cover
datasets were compared at each site against each other and

against observed discharge values when available. The
simulated and observed discharge values were compared
visually as well as by utilizing the Nash-Sutcliffe model
efficiency NSE (-), the volume error VE (%), and the peak
flow error PFE (%):

Figure 3. Land cover description according to the Urban Atlas dataset and the layout of the stormwater network in (a) low density area, (b) medium density area,
and (c) high density area. CUF = Continuous Urban Fabric, DDUF = Discontinuous Dense Urban Fabric, DMDUF = Discontinuous Medium Density Urban Fabric,
DLDUF = Discontinuous Low Density Urban Fabric, S.L. = Sealing Level.

Table 2. Reclassification of UA land cover types into Man land cover types. Urban fabric land cover types are interpreted as asphalt with the
imperviousness values given for UAmin/UAmax.
UA data Man data

Continuous Urban Fabric (sealing level > 80%) Asphalt with 100/100% imperviousness
Discontinuous Dense Urban Fabric (sealing level 50–80%) Asphalt with 50/80% imperviousness
Discontinuous Medium Density Urban Fabric (sealing level 30–50%) Asphalt with 30/50% imperviousness
Discontinuous Low Density Urban Fabric (sealing level 10–30%) Asphalt with 10/30% imperviousness
Industrial, commercial, public, military and private units Rooftop
Other roads and associated land Asphalt
Land without current use Sand and gravel
Green urban areas Vegetation
Forests Vegetation
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NSE ¼ 1�
P

t Qo;t � Qs;t
� �2

P
t Qo;t � Qo
� �2 (1)

VE ¼ 100
Vs � Vo

Vo
(2)

PFE ¼ 100
Qs;max � Qo;max

Qo;max
(3)

where Qo;t and Qs;t are the observed and simulated discharge (l/s)
at time t, Qo is the average observed discharge (l/s) during an
event, Vo and Vs are the observed and simulated flow volumes
(m3) during an event, and Qo;max and Qs;max are the observed and
simulated maximum discharge (l/s) during an event.

3.2. Drainage indices

The following indices were used to assess the runoff simula-
tion results when utilizing different land cover datasets in
model parametrization:

Contributing area (CA)
The contributing area is defined by tracing the drainage net-
work (i.e. stormwater sewers and subcatchments) upstream
from the outfall and including all subcatchments that even-
tually drain to the outfall. This deviates from the areas
reported in Section 2, mainly because earlier (e.g. in Warsta
et al. 2017) the study area was delineated based on a burnt-in
stormwater network without considering whether surface
water flow paths intersect with stormwater drainage inlets.

Total impervious area (TIA)
The total impervious area is the total extent of impervious
surfaces within the contributing area.

Directly connected impervious area (DCIA)
The directly connected impervious area represents impervious
areas which drain to the stormwater network without water
passing through pervious areas. When a subcatchment receiv-
ing runoff from an upstream subcatchment comprises both
pervious and impervious fractions, the upstream impervious
area is distributed according to the share of pervious and
impervious areas in the receiving downstream subcatchment.
DCIA for a single flow path without junctions can be written as

DCIA ¼
XN
i¼1

Ai

YN

j¼i
Ij

h i
(4)

where N is the number of subcatchments along the flow path,
Ai is the area of the i

th subcatchment along the flow path, Ij is the
imperviousness of the jth subcatchment along the flow path, and
i ¼ 1 refers to the subcatchment at the upstream end of the flow
path. When two or more flow paths merge, the junction sub-
catchment is assigned with the sum of DCIA values of all con-
tributing tributaries. The calculation of DCIA is analogous to the
method presented in Han and Burian (2009), with the exception
that in their method only ‘pure’ land cover types, i.e. with either
100 or 0% imperviousness, were considered.

4. Results

Table 4 compares the land cover fractions derived from all
tested datasets (Man, HSY, and UA since UAmax and UAmin

have the same land cover fractions). Table 5 reports the
characteristics related to imperviousness and drainage struc-
ture. The average size of the depression storage for all data-
sets and study sites is also given in Table 5.

Comparison between the land cover distributions based on
the Man and HSY datasets reveals that while there are large
differences in the fraction of asphalt areas (8–17 percentage
points), the shares of rooftops and vegetated areas are quite
similar (1.2–3.6 percentage point differences) (Table 4).
However, the differences in asphalt areas are largely compen-
sated by smaller deviations in other land cover types, which

Table 3. SWMM subcatchment parameters according to Man from Warsta et al.
(2017). For mixed land cover types in UA datasets parameters for Asphalt are
used but with imperviousness (I) values according to Table 2. The Manning’s
roughness for all pipes is 0.011.

Land cover I (%) D (mm) n (-) KS (mm/h) ψS (mm) θdmax (-)

Asphalt 100 0.42 0.011 4.21 88.9 0.217
Rock outcrop 100 2.49 0.030 4.21 88.9 0.217
Rooftop 100 0.87 0.012 4.21 88.9 0.217
Sand and gravel 33 2.49 0.030 4.21 88.9 0.217
Stone paver 50 0.39 0.020 4.21 88.9 0.217
Vegetation 0 4.22 0.238 4.21 88.9 0.217
Water 100 0.10 0.011 4.21 88.9 0.217

I imperviousness, D depression storage, n Manning’s roughness, Ks saturated
hydraulic conductivity, ψs suction head, θdmax maximum moisture deficit

Table 4. The land cover fractions (% of the contributing area) in low, medium, and high density sites according to the applied land cover datasets (Man, HSY and
UA). Urban atlas land cover types: Continuous Urban Fabric (CUF), Discontinuous Dense Urban Fabric (DDUF), Discontinuous Medium Density Urban Fabric (DMDUF),
Discontinuous Low Density Urban Fabric (DLDUF).

Low density Medium density High density

Land cover Man HSY UA Man HSY UA Man HSY UA

Rock outcrops 0.4% 0.0 % 6.8% 4.6% 1.3% 0.0 %
Roofs 33.9% 32.3% 0.0 % 16.1% 14.9% 5.7% 25.6% 23.3% 27.4%
Sand and gravel 3.8% 1.4% 0.0 % 5.9% 4.7% 1.6% 3.5% 8.5% 0.0 %
Asphalt 18.9% 26.6% 10.9% 27.2% 34.8% 7.7% 28.4% 45.6% 18.7%
Stone paver 0.8% 0.4% 15.1%
Vegetation 42.2% 39.7% 0.1% 43.6% 41.0 % 7.6% 26.1% 22.5% 19.9%
Water 0.0 % 0.0 % 0.1%
CUF 0.0 % 0.0% 29.6%
DDUF 0.0% 10.1% 4.4%
DMDUF 48.5% 64.4% 0.0%
DLDUF 40.5% 3.0% 0.0%
Σ 100% 100% 100% 100% 100% 100% 100% 100% 100%
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explains the relatively similar estimates for impervious areas
for Man and HSY (Table 5). The UA datasets include several
aggregate land cover types comprising several distinct surface
types, which hinders direct comparison of land cover fractions
with other datasets. In terms of drainage indices, in particular
the DCIA values for different datasets differ considerably for
the medium density (1.79–7.30 ha) and the low density (0.09–
0.96 ha) sites, while all indices are relatively similar for the high
density area (DCIA 9.57–12.08 ha) (Table 5).

Figure 4 presents the discharge simulation results for mod-
els constructed with different land cover datasets for the
studied two events in the three study areas. Table 6 lists
performance statistics for those events with available
observed flow data.

Discharge simulation results for Man and HSY datasets are
almost identical for all events (mean absolute difference
0.07–4.95 l/s). Furthermore, the models based on these datasets
perform most consistently against the observed flow across
study sites. While different land cover data lead to clear differ-
ences in simulated flows in the medium density site (Figure 4), in
terms of performance statistics (Table 6) it is indecisive whether
the Man and HSY datasets or UA datasets yield a better model
performance. This can at least partly be attributed to known
problems with the flow measurements (Niemi et al. 2017).

In the high density area the differences between the models
utilizing alternative land cover datasets are minor (mean abso-
lute difference 3.4–10.8 l/s). This is expected, as for the high
density site the indices depicting the relations between pervious
and impervious surfaces (TIA and DCIA in Table 5) are relatively
similar between different land cover datasets. Here the maxi-
mum relative differences for TIA and DCIA are 12% and 26%,
respectively, whereas for other areas these differences range
between 54% and 158% (TIA) and 307% and 1 500% (DCIA).

In the medium density site, the DCIA value dictates the
volume of modelled discharge for the smaller event (Figure
4(e)) and for the onset of the larger event (Figure 4(b)).
However, as the larger event proceeds, the UAmax model starts
to produce more discharge and generates the highest flow
peak across all studied land cover datasets (Figure 4(b)).

The most drastic deviations in modelled discharge values
are observed in the low density area where the UA datasets
perform poorly with a distinct underestimation when com-
pared to observations and other model results (Figure 4(a,d),
Table 6). The DCIA values in the low density area (Table 5) for

the UA datasets are only 6–9% of the Man and HSY values. This
indicates that in UA models for the low density site, runoff
from impervious surfaces almost always passes through per-
vious areas before entering the drainage network. As
a consequence, the discharge at the outfall remains low.

The poor performance of the UA models in the low density
site could be improved by adjusting parameter values.
Calibrations were conducted using the PEST (v.13) software
(Doherty 2016) and data for the 22–23 October 2015 event.
First, the share of the impervious area within MDUF and LDUF
land cover types was allowed to range within the upper and
lower bounds for the sealing levels given in Table 2, and the
parameters controlling infiltration of the three (partially) per-
vious land cover types (MDUF, LDUF, Vegetation) were also
adjusted. This yielded an NSE value of 0.61. Even a higher NSE
value of 0.82 was achieved by calibrating only the share of the
impervious area. In the latter case, the imperviousness fraction
was allowed to vary between 0 and 100% with the sole require-
ment that the imperviousness of a less constructed land cover
type could not exceed that of a more constructed one.

5. Discussion

Discharge results computed with the HSY land cover dataset
were very similar to those calculated using the Man land cover
dataset (Figure 4). This is encouraging for relieving the burden
associated with collating land cover descriptions for urban
areas based on maps, aerial photographs and site visits. For
the studied three areas, creation of the Man dataset took
several weeks, which is consistent with the time needed for
the construction of a detailed urban runoff model by Lee and
Heaney (2003). Utilizing openly available detailed land cover
classifications, such as the HSY dataset, can substantially accel-
erate future stormwater studies. The pan-European Urban
Atlas land cover classification, however, appeared not to give
consistent results in small-scale urban runoff studies.
Particularly the mixed land cover types incapable of differen-
tiating between distinct urban features (roofs, parking lots,
yards etc.) appeared to be problematic.

The particularly poor performance of the UA models in the
low density area (Figure 4(a,d)), appeared to be linked to the
significantly lower DCIA value when compared to models cre-
ated with other datasets (Table 5). This is in line with earlier
findings of DCIA exhibiting a strong control on urban runoff
processes (Yao, Chen, and Wei 2017; Lee and Heaney 2003).
DCIA also explained the differences between the alternative
datasets for the smaller event in the medium density site
(Figure 4(e)). For the larger event (Figure 4(b)), however, the
model created with UAmax produced the highest peak flow
despite a lower DCIA value compared to Man and HSY. This is
likely a result of activation of pervious areas in producing runoff
for the high-intensity storm event. In addition, Table 5 shows
that TIA for the UAmax dataset is only marginally smaller than for
Man and HSY, which is in line with earlier research suggesting
that for major storms TIA or total contributing area are more
important than DCIA in controlling the stormwater response
(Sillanpää and Koivusalo 2015; Guan, Sillanpää, and Koivusalo
2016; Yao, Chen, and Wei 2017). Finally, for the medium density
site also the mean depression storage value was the lowest for

Table 5. Contributing area (CA), total impervious area (TIA), directly connected
impervious area (DCIA), and mean depression storage value (Depression) for the
studied sites and tested datasets (Man, HSY, UAmin UAmax).

Site Dataset CA (ha) TIA (ha) DCIA (ha) Depression (mm)

Low density Man 5.3 2.9 0.96 2.4
HSY 5.3 3.1 0.96 2.2
UAmin 4.1 1.2 0.06 2.8
UAmax 4.1 1.9 0.09 2.1

Medium density Man 26.6 14.0 7.30 1.6
HSY 26.6 14.8 7.26 1.6
UAmin 24.8 9.6 1.79 1.4
UAmax 24.8 13.7 2.18 1.3

High density Man 20.3 14.5 9.89 2.3
HSY 20.5 14.7 9.57 2.1
UAmin 20.4 15.9 11.88 3.1
UAmax 20.4 16.2 12.08 2.4
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the UAmax dataset (Table 5). The low depression storage value
may explain the highest flow peak across all datasets when the
role of DCIA is less dominating as a smaller fraction of water is
retained in depressions on its way to the outfall.

The problems with the discharge measurements restricted
the number of events with flow observations available for this

study. Also, at times the reliability of the included discharge
data was compromised, which can be seen e.g. as sudden
drops in Figure 4(b). Thus, the flow observations may not
allow detailed assessment of reproduction of flow dynamics
or give a comprehensive picture of the model performance
across storms of varying intensity. However, they do provide

Figure 4. Simulated flows for low density (a, d), medium density (b, e), and high density (c, f) sites for 20 August 2014 11:00–21 August 2014 01:00 (a-c) and for
22 October 2015 15:00–23 October 2015 09:00 (d-f) with different land cover descriptions. Observed flow is shown for medium density (b, e) and for low density (d)
sites when available.
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a credible reference for comparing the performance of alter-
native land cover datasets in model construction, in particular
when the differences between discharge simulations are large
(Figure 4(d-e)).

Determination of DCIA has proved to be laborious, as in
addition to the surface properties the connectivity between
adjacent surfaces needs to be resolved (Lee and Heaney 2003).
Defining DCIA for areas with mixed land cover types present in
UA models is in any case subject to ambiguity, as the con-
nectivity between pervious and impervious fractions within
the area is not defined. As an example, Figure 5(a-c) depict
how a 0.4 ha TIA for a given area can result in DCIA values
between zero to 0.4 ha for different configurations of the
impervious sub-areas.

For mixed land cover types, the DCIA value depends on the
spatial discretization resolution. As Figure 5(d-f) depict, the
mean DCIA value of a given area decreases with a higher
spatial discretization resolution. While this observation is par-
ticularly evident for models created with the GisToSWMM5
tool as the subcatchment delineation is based on a selected
grid size, it applies for any SWMM model involving serially
connected mixed land cover subcatchments. Earlier, Sun et al.
(2014) showed SWMM calibration parameters to be scale-

dependent. Scale-dependency of DCIA determination, dis-
cussed in the present study, is likely to contribute to different
parameter values at different scales. Therefore it would be
tempting to further explore the change in DCIA for different
grid resolutions. Such an analysis is, however, challenged by
the fact that changing cell size alters not only DCIA values but
also CA, TIA, land cover distribution and potentially infiltration
losses (Niemi et al. 2019), leading to inconclusive results.

The predominant reason for the significantly lower DCIA
values in the UA models for the low density site when
assessed against Man and HSY models is explained by com-
paring Figure 5(c,f). While Man and HSY datasets are capable
of differentiating directly connected roof areas (Figures 1, 2
and 5(c)), UA datasets represent the same areas as mixed land
cover types divided into a number of connected subcatch-
ments (Figures 3 and 5(f)). Directly connected roofs contribute
to DCIA with their entire area whereas a chain of serially
connected subcatchments with the same TIA value can result
in a much smaller DCIA value (Figure 5(c-f)). Considering that
the importance of assigning an appropriate value for the
fraction of directly connected rooftops has been recognized
also in earlier research (e.g. Han and Burian 2009; Krebs et al.
2014), it seems evident that merging rooftops into the fraction

Table 6. Performance statistics against observed flow for events in low and medium density sites. No monitoring data were available for the high density area, and
for the low density area data are available only for the second event.

20–21 August 2014 22–23 October 2015

Medium density Low density Medium density

NSE (-) VE (%) PFE (%) NSE (-) VE (%) PFE (%) NSE (-) VE (%) PFE (%)

Man 0.75 35.24 20.82 0.69 18.52 −5.11 0.62 89.05 −19.65
HSY 0.67 41.52 28.24 0.69 17.89 −6.80 0.60 92.37 −17.97
UAmin 0.70 −10.50 3.61 0.00 −90.74 −93.94 0.35 −45.03 −79.56
UAmax 0.66 23.32 35.61 0.03 −89.18 −92.66 0.66 −9.75 −62.34

Figure 5. Different configurations of 0.4 ha TIA resulting in different DCIA values (a-c). Effect of discretization resolution on the DCIA value for a mixed land cover
area with a 0.4 ha TIA (d-f). Calculations in e) and f) present contributions of each subcatchment on a single flowpath to the total DCIA value of the entire area
(circled, see Equation 4). Blue arrows indicate flow routing, green circle the outlet of the area, and grey shading the level of imperviousness.
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of imperviousness for mixed land cover types is prone to lead
to underestimated runoff quantities.

As expected, calibrating the UA models significantly
improves their performance also in the low density area
characterized by a large share of mixed land cover types.
Allowing the imperviousness fraction to take values between
0 and 100% for the three (partially) pervious UA land cover
types in the low density area gives the highest NSE value
(0.82) of all tested models against the flow observations for
the 22–23 October 2015 event. This, however, results in
unrealistically high imperviousness values (DMDUF 86%;
DLDUF 86%) that compensate for the lack of explicitly repre-
senting directly connected roof areas. As phrased by
Tokarczyk et al. (2015), such an approach turns the imper-
viousness factors to ‘conceptual handles’ obscuring their
physical meaning and requiring calibration against observa-
tions. However, the rational for using spatially distributed
data on urban land cover characteristics often lies in assess-
ments where flow measurements are not available, e.g.
studying ungauged areas or exploring hydrological response
in areas subject to new developments. As argued by
Petrucci and Bonhomme (2014), performance of uncali-
brated models exploiting the constantly improving land
cover data can be on par with that of calibrated models.
One such dataset worth exploring could be the Copernicus
Land Monitoring Service high resolution (20� 20 m2) imper-
meability data with pan-European coverage (EEA 2018).

6. Conclusions

This study compared the performance of different land cover
datasets with varying level of detail as an input data to SWMM
models. The availability of urban land cover data has increased
and opened promising and cost-effective opportunities for com-
putational urban hydrological assessments. The key novelty value
of this study was to demonstrate how different spatial data
sources with varying resolutions lead to different urban runoff
simulation results. This poses a risk of producing biased results in
urban hydrological assessments unless due caution is taken.

The main conclusions of the work are:

● An openly available detailed land cover-description for
a large region, here Helsinki region, performed equally well
with a laboriously collated manual land cover description.

● Mixed land cover types are problematic in describing the
DCIA particularly in low density areas, leading to poorly
performing models. Pan-European Urban Atlas data may
be too coarse for detailed urban hydrological modelling
in low to medium density urban catchments. Urban Atlas
performs better in high density urban catchments where
the role of mixed land cover types is smaller.

● The results emphasize the importance of detailed land cover
information for successful urban hydrological simulations.
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