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Abstract
Urbanization and climate change are associated with extreme changes to
hydrologic processes that alter the amount and timing of runoff delivery in the
Anthropocene. This dissertation research examined the degree of urbanization, climate
change, and hydrologic responses in Rocky Branch Watershed (RBW), a small, highly
urbanized catchment with dense vegetation canopy in Columbia, South Carolina. This
dissertation is composed of three parts: (1) an automated algorithm for mapping building
impervious areas (BIA) from remote sensing data for estimating percent impervious area
(PIA), (2) a paired watershed study contrasting a forested with an urban watershed, and
(3) a hydrologic simulation model to compare land-use and climate changes in an urban
watershed.
One key cause of hydrologic change, and also a measure of the degree of
urbanization, is the PIA. However, mapping PIA under dense vegetation canopy is a
challenge. Moreover, hydrologic changes to surface runoff in response to high PIA
include an increase in peak flows and a decrease in peak flow arrival times. Although
these relationships are general understood, details are missing—especially for small
watersheds. This research presents a new building extraction approach that is based on
and optimized for estimating building impervious areas (BIA) for hydrologic purposes.
The Building Extraction from LiDAR Last Returns (BELLR) model, uses a nonspatial, local vertical-difference filter on LiDAR point-cloud data to automatically
identify and map building footprints under dense vegetation canopy. The BELLR-

vi

estimated BIAs were tested using two different types of hydrologic models to compare
BELLR results with results using the National Land Cover Database (NLCD) 2011
Percent Developed Imperviousness data. The BELLR BIA values provide more accurate
results than the use of the 2011 NLCD PIA data in both models.
Comparisons between RBW and a forested watershed under different land-use
conditions utilized field measurements of rainfall and streamflow to characterize storm
hydrographs in order to quantify hydrologic responses to anthropogenic changes in small,
heavily urbanized watersheds. It contrasts peak discharges, stormflow durations,
volumes of storm water, shapes of storm hydrographs, and runoff coefficients generated
by a variety of storm events between the two watersheds.
The EPA Storm Water Management Model (SWMM) was used to study the
effects of urbanization and climate change on stormwater in RBW. SWMM was applied
to a series of scenarios to compare relative effects of projected PIA and climate-change
scenarios on runoff for the near term (2035) and far term (2060). This analysis showed
that climate change has generated a greater impact on runoff than urbanization.

vii

Preface
“Change is the only constant.” —Aphorism ascribed to Heraclitus of Ephesus
(flourished circa 500 B.C.).
Slaughter (2012) argued that “[t]here's no doubt that this is a confronting prospect
and one that challenges us as never before. No one can predict the outcome because
everything is at stake. It really is up to us, here, now. Welcome to the [A]nthropocene”
(p. 126).
Hydrologic systems are vulnerable to changes in urban land use that affect flood
flows. Urbanization and urban flooding are not only continuing to spread rapidly with a
global migration to cities, but also has grown greatly in recent years in response to
extreme precipitation events. South Carolina experienced severe flooding in October
2015 and October 2016, and many urbanized areas were particularly hard hit. More
research is needed to understand how much various types of urbanization and climate
change increase runoff generation, stormflow volumes, and peak stormflow discharges.
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Chapter 1: Introduction
Environmental changes have increasingly been anthropogenic since at least the
start of the Anthropocene in the mid-20th century (Waters et al. 2016), when the “Great
Acceleration” of population growth and industrialization began (Steffen et al. 2015). As
urban populations grow, hydrologic impacts tend to increase. Methods for mapping
impervious surfaces—as a measure of urbanization as well as its hydrologic effects—and
documentation and simulation of streamflow regimes are of growing relevance. This
research is presented in the form of three manuscripts that were prepared for submission
to refereed scientific journals. The first paper was accepted by GIScience & Remote
Sensing, and the second paper was submitted to Anthropocene and is being moderately
revised for re-submission by May 21st, 2018. The first paper develops new techniques for
mapping building imperviousness for hydrologic purposes. The second paper collects
and analyzes rainfall and streamflow data and provides partial calibrations of stream-flow
gauge data that can be applied to estimate discharge in a simulation model. The third
paper compares relative impacts of land-use and climate changes on stormwater using an
urban rainfall-runoff simulation model, the Storm Water Management Model (SWMM).
The topics of the three manuscripts share the common theme of urban stormwater
hydrology.
The mapping and hydrologic analyses have practical applications and benefits to
urban planning, flood-risk management, urban hydrology, maintenance of aquatic
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ecology, and water quality. Improved knowledge of flash flooding—which is the leading
cause of death by natural disasters in the USA in 2015 (NOAA 2016)—is an important
contribution to hazards research.
Buildings are an important component of imperviousness that drives urban
stormwater response to intense rainfall events. Two-dimensional mapping of buildings
from remote sensing data can be relatively straight forward, unless tall, dense vegetation
obscures the structures. When the extent of buildings is hidden under a thick canopy
mapping the structures using aerial or satellite imagery usually requires elaborate GIS
modeling. LiDAR point-cloud data provide information about contrasting elevations
beneath the canopy that can be exploited. The first of the three manuscripts (Chapter 3)
presents a new rule-based GIS modeling method that is based on a novel vertical
difference filter (VDF). It uses LiDAR point-cloud data to automatically identify and
map building footprints even under canopy. This research developed a VDF parameter
equal to the absolute difference in elevation (AdE) between mean and modal elevations of
last-returns in each cell. The model is optimized for hydrological applications and
applied to an inner-city residential neighborhood of a highly urbanized small watershed
in Columbia, South Carolina. Large trees with thick canopy obscure the surface so the
neighborhood is often misclassified as forest; thus, is incorrectly categorized as very
pervious. The BIA resulting from the building extraction model was applied to two
hydrological models demonstrating an improvement over results using the National Land
Cover Database (NLCD) 2011 Percent Developed Imperviousness data.
The second of the three manuscripts (Chapter 4) presents the results of field
measurements in two different watersheds in Columbia, South Carolina that demonstrate
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the impacts of anthropogenic change on stormwater generation and storm hydrographs.
Hydrologic responses in two small, highly urbanized watersheds are contrasted with a
small, rural, control watershed of similar size but forested and lacking in development.
The urban watersheds experienced serious repetitive flooding with extensive damages
and threats to public safety, whereas the control watershed did not. Based on field
measurements, spatial analyses, and analyses of runoff responses to urbanization, urban
land-use changes are clearly associated with large increases in flood risks.
The final manuscript (Chapter 5) is concerned with modeling the relative impacts
of land-use change and climate change on storm-flow hydrology. This part of the study
employed EPA SWMM simulations (Rossman 2015) with the SWMM Climate
Adjustment Tool (SWMM-CAT) (Rossman 2014). Simulation modeling allowed
prediction of peak stormwater discharges and water yields. It considers the likely
impacts of land-use and climate changes on stormflow for the years 2035 and 2060. The
relative importance of climate change and land-use change on future stormflow is
assessed through two kinds of control simulations. The first set assumes warm/wet,
medium, or hot/dry climate-change projections, but no change in the percent impervious
areas. While the second set assumes no climate change but considers the six change
projections of percent impervious areas. Additionally, this research considers a large
range of outcomes on stormflow based on three climate scenarios and three land-use
scenarios for integrated climate impact assessments.
Finally, Chapter 6 presents concluding remarks on the major results of all three
manuscripts.
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Chapter 2: Literature Review
Intensified land-use associated with urbanization is rapidly expanding (Seto,
Güneralp, and Hutyra 2012; Güneralp, Güneralp, and Liu 2015; Zambrano, PachecoMunoz, and Fernandez 2017). Urbanization is the dominant land use throughout the
world and this is an increasing trend. Most (54%) of the global population now lives in
urban areas, and 66% of the global population is expected to reside in urban areas by the
year 2050 (United Nations 2015).
Urbanization greatly increases runoff generation due to decreasing infiltration
capacities and elevated Hortonian flows caused by removal of vegetation and organic
matter, soil compaction, and covering by impervious surface materials. Storm
hydrographs in urban catchments are known to have higher peaks and shorter lag times to
peak (Cuo et al. 2008; Dow 2007; Moramarco, Melone, and Singh 2005; Rose and Peters
2001; Burns et al. 2005; Leopold 1968; Putnam 1972; Bohman 1992). However, the
details are not well understood — especially for small watersheds — due to the high
variability in urban hydrologic conditions such as imperviousness, storm sewers,
topography, and runoff mitigation practices.
2.1 Buildings as impervious surfaces elements
The size and location of buildings, as elements of impervious surfaces, are
important to mapping the total impervious area (TIA). Two-dimensional mapping of
buildings from remote sensing data can be relatively straight forward, unless tall, dense
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vegetation obscures the structures. Under a thick canopy, the extent of buildings may be
hidden in aerial or satellite imagery, so mapping structures may involve elaborate GIS
modeling. Building extractions can be in 2D (polygon) or 3D models. About 50% of the
methods are for 3D representations of buildings, but 2D methods have increased in the
past few years (Tomljenovic et al. 2015). LiDAR topographic data provide a novel
means of mapping buildings because they provide information about contrasting
elevations beneath the canopy that can be queried. The height of the last of multiple
LiDAR returns was considered as a parameter for extracting buildings under tree cover in
a fully automated approach to land-cover mapping with airborne LiDAR and high
resolution multispectral imagery (Parent, Volin, and Civco 2015). This dissertation
develops an automated algorithm for mapping building impervious areas (BIA), named
the Building Extraction from LiDAR Last Returns (BELLR) model, to map buildings
even under a thick canopy of trees. To examine results in hydrologic applications, the
BELLR estimated BIAs were tested using two different types of hydrologic models,
Bohman’s (1992) empirical models of flood magnitude and the Storm Water
Management Model (SWMM; Rossman 2015), to compare BELLR results with results
based on the National Land Cover Database (NLCD) 2011 Percent Developed
Imperviousness data.
2.2 Anthropogenic changes to hydrology
Anthropogenic changes fundamentally alter hydrologic, geomorphic, ecologic,
aquatic, and water quality systems (Foley et al. 2005). In particular, urban land use
causes substantial changes to surface hydrology (Trudeau and Richardson 2015).
Recognition of the changes to stormwater generation caused by urbanization at the small
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catchment scale improves predictions of hydrologic behavior when environmental change
is anticipated in developing areas. Studies of extreme floods have concluded that more
information is needed on small drainage basins (Herschy 2002). Many more studies have
been made of the urban effects on surface water in relatively large catchments than have
been made on smaller catchments (Miller and Hess 2017). Studies of urban effects on
hydrographs in small catchments range from studies of the effectiveness of mitigation
measures (Jarden, Jefferson, and Grieser 2016) to modeling studies (Valeo and Moin
2001). The effects of urbanization vary not only with spatial scale but also with event
magnitude. Increases due to urbanization tend to be greatest for small floods with short
recurrence intervals (Bosch Darrell et al. 2003; O’Driscoll et al. 2010).
2.3 Climate-change and land-use scenarios for hydrological modeling
Rocky Branch Watershed (RBW) is a small, heavily urbanized catchment that
includes most of the campus of the University of South Carolina and Five Points. The
drainage area of RBW is 10.8 km2 at its confluence with the Congaree River. Rocky
Branch Creek (RBC) experiences serious repetitive flooding that has caused extensive
damage and threatens public safety. To address the hydrologic response to climate
change and intense urbanization with very little mitigation, this dissertation focuses on
stream flows of the subwatersheds in the upper RBW that lack lakes, ponds, or detention
structures. Very little calibrated hydrologic data has been developed previously for RBW
(for exceptions see Bohman (1992); Logan, Eckenwiler, and Bohman (1995)). In order
to characterize the nature of urban hydrology in small urban watersheds, this dissertation
examines the basic hydrology of RBW. Rainfall and streamflow data were collected and
the character of runoff was analyzed to reveal the conditions governing its response.
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The anthropogenic emissions of carbon dioxide may change global climate in the
Anthropocene (Crutzen 2002). As climate change and urban development progress into
the twenty-first century, governments and other institutions will increasingly demand
accurate projections of the impacts on water resources (Praskievicz and Chang 2009).
Hydrological modeling is essential for generating these projections as a useful tool to
simulate the hydrological conditions of a watershed. Models can be used to test scenarios
for policy making and sustainable water resources development. Historically, rainfallrunoff models were built with ‘lumped’ parameters; i.e., input variables were averaged
over space. Conversely, in spatially distributed rainfall-runoff models, locations of inputs
are located in space, which allows specification of environmental conditions and
processes. Distributed models are complex non-linear dynamic models and this model
complexity has been criticized as being unjustified where data are insufficient to fully
parameterize the model in space (Beven 1989). On the other hand, modeling of complex
systems and processes in which pathways are important, such as runoff generation in
watersheds, can greatly benefit from distributed modeling techniques (Fatichi et al.
2016). A common compromise is to construct semi-distributed (i.e. linked-lumped)
models in which parameters are averaged over small sub-basins, then linked together by
various hydraulic conveyance functions to simulate channel and pipe flow and storage.
To simulate impacts of land-use and climate changes on runoff in a German basin,
Samaniego and Bárdossy (2006) developed non-linear mathematical models, linked to a
stochastic land-use change model, and predicted an increase in winter runoff of 17–44%
by 2025 using worst-case combined climate-change and land-use scenarios.
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Hydrological impact analysis has become a thriving area of research on the
impacts of urban development and anthropogenic climate change on water quantity and
quality in geographically disparate areas at watershed, regional, continental, and global
scales (Praskievicz and Chang 2009). Several research questions remain unanswered in
this field, e.g., the interactive effects of climate change and urban development on
hydrology, the dynamics of water quality responses to climate change, and improved
model simulation of channel morphology and vegetation dynamics (Praskievicz and
Chang 2009). Studies of hydrological modeling of both climate change and urban
development impacts were summarized by Praskievicz and Chang (2009) for watersheds
at different scales ranging from approximately 23 km² (in Denmark) to 1,600,000 km²
(the Baltic Sea Basin). Hydrological simulation modeling is an important tool to study
the impacts of climate change and urbanization on hydrological processes. Therefore,
this dissertation employs a runoff simulation model to conduct hydrologic impact
analysis of urbanization and climate change.
In summary, a considerable amount of reasearch has been done on remote sensing
of buildings, human impacts on hydrology and on modeling scenarios of the relative
impacts of land-use and climate change on streamflow. Further research on these topics
is needed. First, new techniques are needed to map buildings under canopy
automatically. Secondly, there are lack of studies on urban effects on stormwater in small
catachments. Finally, hydrological processes in small urban catchments are so complex
that physical-based models are needed to simulate and to project future changes.
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Chapter 3: An Automated Algorithm for Mapping Building Impervious
Areas from Airborne LiDAR Point-Cloud Data for Flood Hydrology1

________________________________________________________________________
1

Hung, C.-L. J., L. A. James, and M. E. Hodgson. Accepted by GIScience & Remote
Sensing. Reprinted here with permission of publisher, 3/14/2018.
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3.1 Abstract
Buildings, as impervious surfaces, are an important component of total
impervious surface areas that drive urban stormwater response to intense rainfall events.
Most stormwater models that use percent impervious area (PIA) are spatially lumped
models and do not require precise locations of building roofs, as in other applications of
building maps, but do require accurate estimates of total impervious areas within the
geographic units of observation (e.g. city blocks or sub-watershed units). Twodimensional mapping of buildings from aerial imagery requires laborious efforts from
image analysts or elaborate image analysis techniques using high spatial resolution
imagery. Moreover, large uncertainties exist where tall, dense vegetation obscures the
structures. Analyzing LiDAR point-cloud data, however, can distinguish buildings from
vegetation canopy and facilitate the mapping of buildings. This paper presents a new
building extraction approach that is based on and optimized for estimating building
impervious areas (BIA) for hydrologic purposes and can be used with standard GIS
software to identify building roofs under tall, thick canopy. Accuracy assessment
methods are presented that can optimize model performance for modeling BIA within the
geographic units of observation for hydrologic applications. The Building Extraction
from LiDAR Last Returns (BELLR) model, a 2.5D rule-based GIS model, uses a nonspatial, local vertical difference filter (VDF) on LiDAR point-cloud data to automatically
identify and map building footprints. The model includes an absolute difference in
elevation (AdE) parameter in the VDF that compares the difference between mean and
modal elevations of last-returns in each cell.
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The BELLR model is calibrated for an extensive inner-city, highly urbanized
small watershed in Columbia, South Carolina, USA that is covered by tall, thick
vegetation canopy that obscures many buildings. The calibration of BELLR used a set of
building locations compiled by photo-analysts, and validation used independent building
reference data. The model is applied to two residential neighborhoods, one of which is a
residential area within the primary watershed and the other is a younger suburban
neighborhood with a less-well developed tree canopy used as a validation site.
Performance results indicate that the BELLR model is highly sensitive to concavity in the
lasboundary tool of LAStools® and those settings are highly site specific. The model is
also sensitive to cell size and the AdE threshold values. However, properly calibrated the
BIA for the two residential sites could be estimated within 1% error for optimized
experiments.
To examine results in a hydrologic application, the BELLR estimated BIAs were
tested using two different types of hydrologic models to compare BELLR results with
results using the National Land Cover Database (NLCD) 2011 Percent Developed
Imperviousness data. The BELLR BIA values provide more accurate results than the use
of the 2011 NLCD PIA data in both models. The VDF developed in this study to map
buildings could be applied to LiDAR point-cloud filtering algorithms for feature
extraction in machine learning or mapping other planar surfaces in more broad-based
land-cover classifications.
Keywords: urban flood hydrology; imperviousness; building detection; EPA SWMM;
storm water
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3.2 Introduction
Urbanization is the fastest growing land use throughout the world and this growth
is accompanied by rapid intensification of flood risks. Most (54%) of the global
population now lives in urban areas, and 66% of the global population is expected to
reside in urban areas by the year 2050 (United Nations 2015). Urbanization greatly
increases runoff generation due to decreasing infiltration capacities and elevated
Hortonian flows caused by removal of vegetation and organic matter, soil compaction,
and covering by impervious surface materials. Storm hydrographs in urban catchments
have higher peaks and shorter lag times to peak than their rural counterparts (Leopold
1968; Putnam 1972; Bohman 1992; Rose and Peters 2001; Burns et al. 2005; Dow 2007)
due in large part to impervious surfaces.
3.2.1. Importance of imperviousness to urban hydrology
Identification and mapping of impervious surfaces is of great practical importance
for simulating urban flood responses to storms. In fact, percentage impervious area (PIA)
or total impervious area (TIA) are input parameters to an increasing number of empirical
functions developed to estimate flood risks for urban areas and for urban rainfall-runoff
simulation models such as SWMM (Rossman 2015). For example, PIA is a primary
input variable in predictive equations of flood discharge in urban watersheds in the
southeastern USA (Bohman 1992; Putnam 1972). Moreover, TIA has become an
indicator for environmental, hydrologic, ecological, and water quality degradation.
Impacts of PIA on riparian ecology begin to emerge when PIA exceeds 10% (Schueler
and Holland 1994), and these impacts become acute when PIA exceeds 20 to 30%
(Arnold and Gibbons 1996; Booth and Jackson 1997; Klein 1979). Besides being a
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measurable indicator of impaired water quality and aquatic ecology, imperviousness is
also a reliable indicator of increased flood risk (Schueler and Holland 1994). Urbanized
areas with extensive impervious surfaces have higher peak flows that arrive more rapidly
than floods in rural areas (Walsh et al. 2005) or the same areas before intensive
urbanization (Gagrani et al. 2014). Furthermore, relationships between population
density and PIA have led to the use of impervious area as an indicator of urban
development (Reilly, Maggio, and Karp 2004; Stankowski 1972).
Despite the growing importance of PIA as a metric in many environmental
sciences, accurate large scale maps of impervious surfaces are uncommon, expensive to
develop, and must be often updated in developing areas. Attempts to map TIA have led
some studies to use metrics of development or population density as a proxy for TIA.
For example, a statistical model was developed to estimate TIA from population density
and growth forecasts in New Jersey (Reilly, Maggio, and Karp 2004). The model
improves upon a previous model (Stankowski 1972) that was based on population density
and proportions of land area in six land-use categories. A study found that parcel area
was correlated with imperviousness (Stone 2004). However, TIA varies with different
types of development, so estimating TIA based on urban characteristics can be
problematic.
3.2.2. Mapping Impervious Surfaces
Given the need for spatially explicit maps of imperviousness, mapping TIA by
remote sensing methods has received much attention. Models of TIA based on land-use
maps are sensitive to errors in land-cover classification (McMahon 2007), so the quality
of land-use mapping is critical. Many studies have mapped impervious surfaces directly
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using standard remote sensing land-use classification methods with optical and NIR data.
The U.S. National Land Cover Database (NLCD) maps include a data layer for
imperviousness based on such classifications. The spatial scale of the NLCD is too
coarse (30×30 m2) and imprecise for many urban planning and hydrologic applications,
however, so research continues to explore methods using fine spatial resolution imagery
and other data for mapping imperviousness. For an urbanizing semi-arid region, objectoriented classification of high resolution satellite imagery from QuickBird produced
maps of impervious surfaces with a mean accuracy of 88% in Arizona (Sugg et al. 2014).
Unfortunately, remote sensing methods of mapping TIA based on optical and NIR
imagery encounter serious difficulties when surfaces are under thick vegetative canopy
where foliage and shadows obscure the surface.
3.2.3. Building extraction for mapping impervious surface
One strategy for improving TIA map accuracy is to disaggregate different types of
impervious surfaces and to map each component separately. It’s common to express
impervious surfaces in three components: building roof tops, streets, and parking lots
(Talebi et al. 2014). Thus, impervious areas can be expressed as the sum of building
impervious area (BIA), street impervious area, and other pavement impervious area (e.g.
parking lots, sidewalks, etc.). This stratification of imperviousness allows the use of GIS
and remote sensing methods to map the various elements separately and compute TIA.
This study focused on the use of LiDAR data to map BIA for hydrologic applications.
The goal of this research was to develop, parameterize, and validate an approach for
accurately estimating the total area of BIA.
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3.2.4. Mapping buildings with optical, NIR, and radar remote sensing data
Streets and other paved surfaces often have quite different reflectance and
topographic characteristics than buildings that have a wide range of optical properties and
distinct topographic features. Remote sensing classifications of BIA, therefore, are
generally more successful when classification algorithms are focused on identifying
buildings and separated from the classification of streets and other paved surfaces.
Accuracies of urban mapping are affected by shadows in high-resolution aerial and
satellite images (Hussain and Shan 2016). The fusion of synthetic aperture radar (SAR)
and optical images has been used for mapping buildings, because geometric
perturbations, such as shadows and layovers from individual SAR images, make it
difficult to map buildings from radar data alone (Teimouri, Mokhtarzade, and Zoej 2016).
However, SAR imagery is expensive to collect and thus, less useful for local watershed
studies.
3.2.5. Mapping buildings with LiDAR point-cloud data
Mapping buildings from remote sensing data can be relatively straight forward by
area, shape, and height rules (Huang et al. 2008), unless tall, dense vegetation obscures
the structures (Matikainen et al. 2010; Awrangjeb, Zhang, and Fraser 2012; Potuckova
and Hofman 2016). Large trees with thick canopy obscure the surface so that land use is
often misclassified as forest and surfaces are incorrectly categorized as pervious. LiDAR
point-cloud data provide information about contrasting elevations beneath the canopy that
can be exploited. A new rule-based segmentation modeling method, based on a nonspatial, local vertical difference filter (VDF), is presented for use with LiDAR data to
automatically identify and map building footprints, even under canopy. Several studies
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have explored the use of LiDAR, which can penetrate the vegetation canopy, to identify
and map buildings. The use of LiDAR point-cloud data for building recognition in 2D
studies usually applies a region-growing technique (Awrangjeb, Lu, and Fraser 2014), a
boundary extraction approach (Lach and Kerekes 2008), or a fusion-based approach of
LiDAR and aerial imagery (Bandyopadhyay et al. 2017). There are also 3D building
recognition studies that apply an approach composed of outline extraction and planarface detection (Dorninger and Pfeifer 2008), principal azimuthal directions and normal
vectors of rooftops (Susaki 2013), an “implicit regularity” of line orientations and line
linkages (Jung, Jwa, and Sohn 2017), or a big-data approach (Aljumaily, Laefer, and
Cuadra 2017). On the other hand, some LiDAR-based studies have segmented images
into building objects (Hodgson et al. 2003; Im, Jensen, and Hodgson 2008; Rutzinger,
Rottensteiner, and Pfeifer 2009; Lin, Benziger, and Habib 2016; Prerna and Singh 2016;
Tomljenovic, Tiede, and Blaschke 2016). In a study of an urban area of Columbia, South
Carolina, USA, combining LiDAR-derived cover-height information with color
orthoimagery improved modeled imperviousness results (Hodgson et al. 2003).
Many studies (Ekhtari et al. 2009; Salah, Trinder, and Shaker 2011; Talebi et al.
2014) used a simple subtraction technique in which a LiDAR bare earth DEM is
subtracted from a digital surface model (DSM) that contains buildings, vegetation, and
other features to produce a normalized DSM (nDSM) (Haala and Brenner 1999).
Difficulties in using an nDSM to separate buildings and trees that have similar heights or
where trees cover a building have been noted (Talebi et al. 2014). Several studies
utilizing a height model used LiDAR first returns for the DSM (Hodgson et al. 2003; Im,
Jensen, and Hodgson 2008; Tullis et al. 2010; Buján et al. 2012). A recent trend has been
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to use LiDAR last returns to calculate nDSM for building extraction, because last returns
generated by rooftops often have a distinct topographic signature. For example, buildings
under tree cover were mapped using the heights of the last LiDAR returns as a parameter
calculated by subtracting the bare-earth DEM (Parent, Volin, and Civco 2015).
Tomljenovic, Tiede, and Blaschke (2016) used minimum values of last returns to
generate an nDSM for building extraction.
LiDAR point-cloud methods often use height variations in above-ground features
that are associated with buildings. Building roofs and other impermeable surfaces tend to
have small or no elevation differences between first and last laser-pulse returns
depending on the return discrimination method, while this difference is more substantial
for permeable surfaces such as vegetation canopy (Buján et al. 2012). Analyzing the first
and last returns of non bare-earth surface, therefore, can distinguish between permeable
and non-permeable surfaces (Buján et al. 2012). In urbanized areas with dense
vegetation, however, differences between first and last returns can be mixed. The typical
procedure is to pre-process point clouds to identify bare earth points (ground returns) and
filter the remaining points (non-ground returns) by various methods (Awrangjeb and
Fraser 2014). A full review of methods for segmentation of LiDAR data for building
extraction is not within the scope of this study and we refer the reader to Gilani,
Awrangjeb, and Lu (2018) for details about the current research challenges.
3.2.6. Objectives and hypotheses
In this research an approach for extracting buildings under tree cover using
LiDAR data was developed. The objective of model development was to properly
identify building impervious areas (BIA) for larger land units (e.g. parcels or
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subwatersheds), so precise location of the building is less important than with most
building extraction methods. The Building Extraction from LiDAR Last Returns
(BELLR) model uses a local filtering algorithm built into a GIS model that is optimized
to estimate BIA in watersheds for hydrologic modeling. The approach filters non-ground
last returns to develop the nDSMLR (where the subscripts LR indicate last return) with a
VDF. The BELLR model is parameterized in Rocky Branch Watershed (RBW), a small
urban watershed in Columbia, South Carolina, USA, and validated in a nearby suburban
area (Seven Oaks), with an independent set of reference data from the same LiDAR flight
mission. Sensitivity analyses were conducted with (1) different spatial resolutions by
changing the cell size in an initial point to raster conversion, (2) different vertical
thresholds (VDF values, and (3) different sizes of building polygons by adjusting the
concavity value used to segment building points into polygonal objects. Model accuracy
assessments are presented that emphasize mapping BIA for hydrologic purposes.
Three hypotheses were tested using the model. Hypotheses 1 is that the best
modeled BIA values will result from the smallest cell size for segmentation process.
Hypotheses 2 is that the best modeled BIA values will result from a smaller vertical
threshold. Hypothesis 3 is that younger forested residential neighborhoods can be more
accurately mapped than older forested residential neighborhoods. The BELLR modeled
BIA results are applied to two different types of hydrologic models to compare the
BELLR hydrologic results to NLCD hydrologic results.
3.3 Methods
The BELLR model for automatically extracting building footprints uses LiDAR
point-cloud last-return data to identify and map buildings, even under thick vegetation
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canopy. This section describes model development and calibration, and how parameters
were set based on sensitivity analyses and accuracy assessments. The model is optimized
for hydrological applications and applied to two residential neighborhoods in the greater
Columbia, South Carolina area: (1) an old inner-city neighborhood in a highly urbanized
small watershed and (2) a younger suburban neighborhood. Large trees with thick
canopy obscure the surface in these neighborhoods, which are often misclassified as
forest and could be incorrectly categorized as pervious surfaces.
3.3.1. Model development and calibration
The first step in the BELLR model is to separate ground returns from non-ground
returns (Figure 3.1). The raw LiDAR point cloud was classified into ground and nonground points by the contractor that collected and processed the LiDAR data for the
county. The BELLR model employs a cell-, point-, and object-based method with a
series of GIS tools to identify buildings. Outliers are removed from the non-ground
points with a height filter. The next step is to remove areas from the non-ground raster
with two masks (1) a mask consisting of ground returns and (2) an nDSM mask (Step 4).
This allows the model to focus on last returns that are not at ground level. The process is
based on a non-ground, last-return, normalized digital surface model. The height model
is computed as elevation differences greater than 2.1 m between the non-ground last
returns and the bare earth digital elevation model computed from an IDW interpolation of
LiDAR ground last returns. In previous studies on automatic building mapping from
LiDAR and aerial photography, the building height threshold was set at 1.8 m (Talebi et
al. 2014) or 2.5 m (Parent, Volin, and Civco 2015). This study applies a reasonable
threshold of 2.1 m, which is held constant in all experiments for this study. The original
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LiDAR point-cloud data were converted to rasters of a specified cell size and the mean
and modal last-return point elevations of each cell were computed and then differenced
for each cell. The height model was used as a mask to select non-ground cells for further
processing.

Figure 3.1 Flow chart for the BELLR building extraction model
Upper left side: processing ground last return points to develop a ground mask to remove
non-building areas, and a bare earth DEM, which is subtracted from the DSM to create
the nDSM mask used to eliminate cells with heights < 2.1 m. Upper right side:
processing non-ground last returns, masking out ground (bare earth) areas, and
application of the nDSM mask. Along lower right and bottom: applying the VDF (AdE)
filter, converting to points, converting to polygons, and buffering. Numbers refer to steps
described in the text.
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The masked non-ground and last-return rasters were subjected to a VDF to remove nonbuilding areas (Step 5). The VDF is an AdE filter, which is equal to the absolute
difference between the mean elevation (Emean) and modal elevation (Emode) of the lastreturns in each cell:
AdE = │Emean − Emode│

(Eq. 1)

The AdE filter is applied by setting a threshold height below which cells are classified as
building cells. For example, if a cell has 7 points, the mean and modal elevations of
those points determine the AdE for that cell. For a cell size of 0.9 m, if AdE threshold is
0.3 m, the slope of the rooftops could be within the range from 0 to 76 degrees (e.g. a
right triangle with base = 0.1 m and height = 0.4 m). This filter is sensitive to skewness
in the elevation point distributions for each cell and is used to distinguish building roof
cells. Building elevation points have low skewness in frequency distributions because
they have relatively planar tops, a low range of elevations, and a smaller value of AdE
than tree canopies and trunks, which have a large range and skewed distributions of
elevations. The AdE provides planar filtering, which is effective in discriminating rooftop
points—even on sloping rooftops—from the overhanging vegetation canopy. Air
conditioners, chimneys, or other breaks with steeper slopes may be filtered out, but these
voids are often small, surrounded by building roof points, and included within larger
building polygons. In this research, the AdE threshold was initially set to less than 1.52
m, but was varied in experimental sensitivity trials at various cell resolutions. The AdE
filter is a non-linear local VDF that operates on the elevations of last-returns within each
cell of the grid. Modal elevation calculations were conducted on elevation data, which
were rounded to integer values (feet) as required by the mode operator. Open-ground
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areas have already been eliminated, so removal of high values of AdE eliminates rasters
with non-planar point elevations, such as vegetation.
The outermost edges of rooftops were systematically omitted at this stage because
the AdE filter removes cells that are substantially different between mean and modal
elevations. This eliminates cells at the edge of rooftops where elevation changes abruptly
from the roof to the ground. To compensate for this edge effect, a buffer equal to one
half the original cell size is added to building polygons after application of the concavity
procedure to delineate polygons (Step 11). Buffers larger than one-half cell size may be
warranted in future models to increase output completeness.
Once the building cells have been identified, they are converted to gridded points
with the X-Y location as the center of each cell (Step 6). Points outside of private parcels
using county parcel-level data were eliminated (Step 8). Groups of building points were
merged into objects by converting them to polygons using the Lasboundary tool from the
LAStools® software package (Rapidlasso GmbH 2016) (Step 9). The Lasboundary tool
utilizes a concavity parameter that adjusts the size of polygons to circumscribe the
building points. The appropriate concavity value should range from 3 to 10 times the
point spacing (Rapidlasso GmbH 2016) determined by cell size. Concavity values were
tested across a range from 1.95 m to 13.72 m (from 2.17 to 10 times the point spacing).
Finally, small sheds and dense vegetation fragments (< 45.5 m2) were eliminated by a
size filter (Step 12).
3.3.2. Model assessment and optimization for hydrologic applications
This study used a combination of correctness and completeness to optimize model
results based on a reference map of buildings. Potential methods for emphasizing the
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accuracy of mapped building areas for hydrologic purposes were explored. To assess
model sensitivity to parameter values, more than 50 model runs were conducted on
various permutations of cell size, AdE height threshold, and concavity for the RBW. The
resulting accuracy assessments were used to parameterize the BELLR model. Parameter
sensitivity (Table 3.1) was assessed for three parameters – cell size, AdE height threshold,
and concavity by area-based accuracy assessments.
Table 3.1 Sensitivity analyses of parameters in the BELLR model
Parameter
Cell size
AdE height threshold

Initial value
0.91 m
1.52 m

Tested range in this paper
0.91-2.74 m
0.30-1.52 m

Concavity

13.72 m

1.95-13.72 m (2.17-10
times of the point spacings)

Reference
1-2.5 m (Petroselli 2012)
Sensitivity analysis (this
study)
3-10 times the point spacing
(Rapidlasso GmbH 2016)

3.3.2.1. Rationale for an emphasis on building areas in hydrologic applications
Many rainfall-runoff models and urban hydrologic assessments use total
impervious surface area (TIA) or percent impervious area (PIA) as an input parameter, so
an accurate estimate of building areas is important for hydrologic purposes. In lumped
hydrologic models, the area of imperviousness is more important than the precise
location of impervious features. For example, some statistical models estimate flood
magnitudes based on a single PIA value for the sub-basin which is independent of
location within the basin (Bohman 1992). In these types of applications, an accurate
estimate of building areas is critical but correct locations are less important.
A bias toward low values of completeness in building extraction models occurs
for several reasons. First, the maximum possible value of completeness for a given
reference layer is 100%, so the probability distribution of completeness values produced
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by a model will be distributed among values less than 100% of the reference layer.
Second, LiDAR point-cloud data may have voids where asphalt/composite rooftops do
not reflect laser pulse energy, which ensures completeness is less than 100% (Heidemann
2018). In the raw LiDAR point-cloud data for the Seven Oaks area of this study, seven
houses with no canopy had no LiDAR returns or only partial returns from some facets of
rooftops (Figure 3.2). Questionnaires that were sent out to owners of these seven homes
were not returned, but field visits determined that all seven houses had dark asphalt tile
roofs in good condition with no solar panels. Two interviewees who were contacted
onsite noted that new roofs had likely been installed prior to the acquisition of LiDAR in
2010.

Figure 3.2 Void areas with few LiDAR returns in Seven Oaks neighborhood
Points represent all returns in point cloud. Rooftops near northwest and southeast corners
of image (highlighted polygons with fewer points) with very low LiDAR reflectivity
interpreted as new asphalt tile rooftops (Image from ESRI ArcGIS®).
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Apparently, some new rooftops with dark asphalt tiles may absorb the near-infrared
LiDAR pulse. Voids in LiDAR point clouds add to the bias that drives completeness
below 1. Third, calibrated models may underestimate imperviousness if accuracy
assessment methods emphasize correctness over completeness. Although connectivity to
other impervious elements, storm sewers, and channels is of great importance in urban
flood hydrology, a horizontal offset of a few meters is less important than in many other
applications, and precise locations of buildings may not be necessary for mapping
impervious surfaces. Thus, an assessment strategy that is sensitive to minimize the
difference between errors of commission and omission provides an objective means of
calibrating BIA models for hydrology.
3.3.2.2. Accuracy metrics
Building extraction optimization is typically based on an accuracy assessment that
minimizes errors of commission and omission in some combination. Conventional error
metrics such as correctness and completeness put a substantial weight on errors of
commission (Table 3.2). For example, modelers often prefer a correctness value > 0.8,
and model results that do not meet that standard may be eliminated. For hydrologic
purposes of mapping impervious surfaces, however, an assessment method is preferred
that emphasizes the accuracy of total (or percent) building area estimates within the
geographic units of observation. One way to put less emphasis on correctness is to use an
optimization procedure that minimizes the net error – the difference between
completeness and correctness:
OptNetErr = εC - εO = Completeness - Correctness
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(Eq. 2)

where εC is error of commission (the ratio of the area of false positives to the area of
modeled BIA), and εO is error of omission (the ratio of the area of false negatives to the
area of reference BIA). However, for hydrologic applications where positional accuracy
of buildings is of less concern than an accurate estimate of their total building surface
area, the fundamental test for accuracy is how well total building area (BIA) is modeled.
This hydrologic optimization can be expressed as the proportion of modeled BIA
(BIAModeled) to reference BIA (BIAReference):
OptHydro = BIAModeled / BIAReference

(Eq. 3)

where OptHydro should be close to 1.0. The OptHydro parameter can be combined with
OptNetErr to consider correctness and completeness in selecting the best model. It can
be shown that if OptNetErr = 0, false positives will equal false negatives and OptHydro =
1.0. These principles are applied to results of the BELLR model.
Table 3.2 Metrics commonly used to evaluate or optimize building extraction methods
Metric
Completeness
Correctness
Quality

Definition
Tp / (Tp + Fn)
Tp / (Tp + Fp)
Tp / (Tp + Fp + Fn)

Explanation
correct modeled BIA / reference BIA
correctly modeled BIA / modeled BIA
correctly modeled BIA / all reference
& modeled BIA
RMSE
Used to measures distance of offset
√∑(𝑋𝑖 − 𝑏)2 /𝑛
OptErrMin
Fp / (Tp + Fp) – Fn / (Tp + Fn) = Tp Errors of commission – errors of
/ (Tp + Fn) – Tp / (Tp + Fp)
omission = Completeness –
Correctness
OptHydro
BIAModeled / BIAReference
modeled BIA / reference BIA
Notation: Tp = true positive; Fn = false negative; Fp = false positive; BIAModeled = Tp + Fp;
BIAReference =Tp + Fn

Source for the first four metrics: Potuckova and Hofman (2016)

3.3.3. Study area
Rocky Branch Watershed (RBW) is a small, densely urbanized basin (Figure 3.3)
and experiences serious repetitive flooding that has caused extensive damages and
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threatens public safety. The drainage area of RBW is 10.8 km2 at its confluence with the
Congaree River. The watershed has an average PIA of 49% for the entire basin, with
some sub-basins ranging as high as 75% (Sexton 2014; Wooten 2008), which is higher
than in most published studies of urbanizing basins. Only one watershed in a study of 30
urban watersheds of the North Carolina Piedmont had a PIA > 75% (Doll et al. 2002) and
the maximum PIA in a study of urban watersheds in the Southeastern USA was from the
RBW (Bohman 1992). RBW is primarily zoned for residential and commercial land with
a small area of industrial land in a lower southeastern tributary. Not surprisingly,
commercially zoned areas have the highest PIA and residential zones have the lowest
PIA (Wooten 2008). There is little variation in residentially zoned impervious areas, but
high-density multi-dwelling residential use has a relatively high PIA. The eastern subbasins of RBW are dominated by residential land use that has a relatively high percentage
of green space.
Two residential areas were selected for a detailed application of the BELLR
model to allow a cross-site comparison of model performance. The first application is in
a highly urbanized old residential neighborhood (Upper RBW) about 2.32 km2 in area,
located approximately 2 km away from downtown Columbia (Figure 3.3). This area has
2996 parcels and is dominated by tall trees, dense canopy, and mostly one and two-story
residential homes with very few high rise and town house buildings (only 3.5 % by parcel
area). The BELLR model was also applied to another residential neighborhood for a
cross-validation of the model. The relatively young Seven Oaks residential neighborhood
is in an area of 4.57 km2 approximately 12 km northwest of downtown Columbia. It has
3013 parcels, approximately the same number as the Upper RBW area, but with smaller
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trees, less canopy, larger lots, and larger building areas. The ratio of the number of
buildings with area larger than 45.5 m2 to the number of parcels (1.04) is larger for Seven
Oaks than for the Upper RBW (0.87), because the building footprints are larger in Seven
Oaks than in the Upper RBW.

Figure 3.3 Rocky Branch Watershed (RBW) in Columbia, South Carolina, USA
The upper RBW (above Pickens) residential area used in the comparison study with the
suburban Seven Oaks residential neighborhood. Base map from U.S. Geological Survey
National Map in ESRI ArcGIS®.

3.3.4. PIA application in hydrological modeling
The BELLR-modeled BIA results were applied to two different hydrologic
models to compare the BELLR-BIA results with the reference PIA (Sexton 2014), and
2011 NLCD PIA (Xian et al. 2011) results with the reference PIA. In these tests, the
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BELLR BIA values were substituted for reference BIA values to compute a BELLR PIA
using measured areas of streets, parking lots, and sidewalks (Sexton 2014):
BELLR PIA = 100% × (BIA modeled + TIA referenced − BIA referenced) / Area (Eq. 4)
In the first test, BELLR, 2011 NLCD, and reference PIA values were applied to
Bohman’s (1992) lumped statistical models to compare flood peak discharges at
recurrence intervals ranging between 2 and 500 years for the above Pickens catchment in
Upper RBW. To evaluate performance, percent bias of peak discharges were calculated
for (1) the BELLR PIA and reference PIA and (2) the NLCD PIA and reference PIA. For
the second hydrologic model test, the BELLR, NLCD, and reference PIA values were
applied to a semi-distributed storm-runoff simulation model; i.e., the Storm Water
Management Model (SWMM; Rossman 2015). This test compared predicted runoff
values at Above Pickens watershed for a single storm event with 14 mm rainfall on
August 4, 2016. Three sets of different PIA values—BELLR, NLCD, and reference PIA
values—were calculated for the 30 subcatchments of the Above Pickens basin in SWMM
to model storm runoff. The model based on reference PIA values was calibrated to the
observed flows for this event, so performance should be high for that simulation. NashSutcliffe Efficiency (NSE) values were calculated for each of the three runs by
comparing the performance success of the three SWMM applications against observed
discharge values. NSE values can vary from negative infinity to one, with one being a
perfect agreement between observed and simulated values. NSE values above 0.50 for
stream flow are generally considered satisfactory (Moriasi et al. 2007).
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3.3.5. Data
The airborne LiDAR point-cloud data used to map the location and characteristics
of buildings were acquired in March 2010 and downloaded from the U.S. Geological
Survey EarthExplorer website, http://earthexplorer.usgs.gov (USGS 2016). The airborne
LiDAR data for both Richland and Lexington counties, covering both study areas, were
collected in a simultaneous mission flown in March 2010 at 1500-1700-m AGL. The
collection specifications followed the state-county-FEMA collaboration with a target
pulse density of > 2 points per m2. The Leica ALS-50 sensor was used with a ± 20
degree scan half angle and pulse rate of 70,000 Hertz. Seven GPS base stations were
used for control. A validation survey in Lexington County using 73 NGS benchmarks
revealed a vertical accuracy of 10.9 cm RMSE. No horizontal accuracy phase was
conducted although vendor specifications were required to be better than 1 m RMSE.
Return point classification into ground and non-ground categories used
Terrasolid/Terrascan vendor processing. Data were supplied to Lexington and Richland
County by the vendor in South Carolina State Plane HARN NAD83 horizontal
coordinates and NAVD88 vertical coordinates. The reference building data are polygon
data acquired from Richland County and Lexington County. The building footprints in
those data were created from 10-cm (4”) spatial resolution airborne imagery collected in
2013. Parcel boundaries were obtained from Lexington County and Richland County GIS
departments.
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3.4 Results and discussion
3.4.1. Accuracy assessments and sensitivity
Sensitivity tests on the entire RBW reveal a number of relationships between
accuracy metrics of the BELLR model output. Not surprisingly, accuracy metrics were
sensitive to all three parameters tested: cell size, height threshold, and concavity.
Accuracy assessments for the entire RBW illustrate how models can be optimized by
setting parameters during calibration based on minimizing the difference between
correctness and completeness (OptNetErr) and the best estimate of total BIA
(OptHydro=1). Conversely, optimizations based on maximum correctness encourage
model parameters that yield high correctness values but do not ensure high values of
completeness or total building area. Optimizations based on OptNetErr and OptHydro
were used to evaluate the effects of cell size, AdE threshold, and concavity on model
performance for the entire watershed and to set parameters for use with the two study
areas.
Calculations of accuracy could be performed at many different scales of
observational units—the building, parcel, block, or larger aggregate area such as a
watershed or subwatershed. In this application, which focused on modeling hydrologic
discharge with lumped and linked-lumped models, errors were computed at the watershed
(RBW) and smaller observational units (Upper RBW and Seven Oaks watershed).
Three runs of the BELLR model were made with three different cell sizes (0.9-,
1.8-, and 2.7-m), a constant value of AdE threshold (1.5 m) and multiplier value for
concavity (5) were used for all cell sizes (Figure 3.4). For controlled experiments on the
effects of cell size, an AdE height threshold of 1.5 m was used. Cell sizes of the
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rasterized non-ground last returns were changed in the first set of sensitivity assessments
while holding everything else constant. Not surprisingly, the test demonstrates that
accuracies of modeled BIA were sensitive to cell size. This supports the first hypothesis
(H1) that the ratio of model BIA to reference BIA (OptHydro) is closest to 1.0 at the
smallest cell size. While it suggests that smaller cell sizes may be good for hydrologic
applications for accurate BIA estimates, the results should not be extrapolated beyond the
range of cell sizes available for this study (0.9 m). The cell-size test also corroborates
that OptHydro=1.0 and OptNetErr=0 occur at the same cell size.

Figure 3.4 Accuracy assessments from three model runs for the entire RBW with three
cell sizes and a constant AdE threshold value (1.5 m) and multiplier value for concavity
(5). At the optimal cell size of 0.9 m, OptHydro is 1.05 and OptNetErr is 0.041.

Height thresholds for the AdE filter were set to two values (0.30 and 1.52 m) for
the next tests to determine if the accuracy of modeled building areas is sensitive to VDF
values. These tests used a constant concavity of 5.49 m (i.e. a multiplier of 6 for the cell
size of 0.9 m). Experiments were run with a cell size of 0.9 m. Increases in the AdE
threshold resulted in slight increases in completeness and substantial decreases in
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correctness (Figure 3.5), which supports the second hypothesis; i.e., the ratio of model
BIA to reference BIA (OptHydro) is closest to 1.0 with a smaller vertical threshold value.
The decrease in AdE height threshold slightly changes the completeness and correctness
for a given spatial resolution and concavity, but OptHydro decreases from 1.15 to 1.02
(i.e. from a 15% overestimation of BIA to only a 2% overestimation of BIA).

Figure 3.5 Accuracy assessments for BELLR model applied to the entire RBW
Increases in AdE filter height threshold at a constant cell size (0.9 m) and concavity (5.49
m) result in slight increases in completeness and decreases in correctness. The smaller
AdE threshold performs better OptNetErr = 0.016 and OptHydro =1.02 at an AdE
threshold of 0.3 m.

Concavity values used with the Lasboundary tool—the third set of sensitivity
analyses— were based on a fixed AdE height threshold and three grid-cell sizes.
Concavity determines the size of polygons that circumscribe a cluster of modeled
building points. Twenty-three model runs were conducted to examine the relationship
between concavity, completeness, and correctness over a wide range of concavity values
from 1.95 to 13.72 m —two to ten times the modeled building point spacing. Model
completeness and correctness are highly sensitive to concavity (Figure 3.6).
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Completeness values change more slowly with concavity than do correctness values. As
expected, completeness increases and correctness decreases with concavity at a given cell
size, because large values of concavity increase the number of points included in building
polygons. Smaller concavity values are needed for smaller cell sizes to generate
optimized values.

Figure 3.6 At a constant AdE threshold and cell size, completeness and OptHydro are
highly sensitive to and increase rapidly with concavity.
This reflects the fact that large concavities increase the size of polygons segmented from
building points. (A) Thirteen model runs at a cell size of 0.9 m and an AdE threshold of
0.3 m, show that optimal values of OptNetErr and OptHydro occur where the
completeness and correctness lines cross at a concavity of 5.49. Larger concavity values
yield higher completeness values but overestimate BIA (OptHydro > 1). (B) At an AdE
threshold of 1.5 m, ten experiments at three cell sizes (0.9, 1.8, 2.7 m) for varying
concavities show similar relationships between OptNetErr and OptHydo with optimal
concavities for each cell size. Optimal concavity values increase with cell size in the
three sets of experiments.

3.4.2. Accuracy assessment discussion
The sensitivity analysis demonstrated that concavity largely controls
completeness and the percent BIA predicted. The maximum area-based completeness
was 0.851 (Figure 3.6 A), which is reasonable compared to the values of area-based
completeness ranging from 0.722, 0.891, and 0.897 at three Australian sites (Gilani,
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Awrangjeb, and Lu 2018). Given that maximum values of completeness are truncated at
100%, completeness is non-linear (asymptotic) with respect to concavity (Figure 3.6 A).
This non-linear response of completeness corroborates diminishing returns if models are
optimized for completeness alone. Moreover at high concavities, increases in
completeness become negligible and overestimates of percent BIA become large. In
short, there is a clear optimal concavity for a given combination of cell size and AdE
thresholds that is well defined by the OptNetErr or OptHydro optimizations.
3.4.3. Application of BELLR and implications for mapping imperviousness
Based on optimization criteria using OptHydro and OptNetErr, the BELLR model
was applied to three geographic areas with a cell size of 0.9 m, an AdE height threshold
of 0.3 m, and with outer polygon buffering of 0.45 m. This utilized parameter settings
from the best calibration for the model. Values of concavity were varied however, with
initial runs of 5.49 m as in the entire RBW calibration, and for comparison, two other
values based on recalibrations for the individual subareas. The three areas were (1) the
entire RBW including all zoning types (commercial, industrial, and residential), (2) a
residential area in the Upper RBW, and (3) a residential area in the Seven Oaks suburban
neighborhood. The Seven Oaks site serves as a cross-site validation of the model. Many
model runs for the entire RBW were reported in the accuracy assessment discussion, but
the model run with the standard optimized settings gave a completeness value of 0.776, a
correctness value of 0.760, an OptHydro value of 1.02 and an OptNetErr value of 0.016
(Table 3.3). This indicates that predicted BIA was overestimated by 2% and the
difference between completeness and correctness was 0.016.

35

Table 3.3 Optimized results of BELLR for RBW, Upper RBW, and Seven Oaks for cell
size 0.9 m, AdE height threshold of 0.3 m, and buffering of 0.45 m
Test 1: RBW
Test 2: Upper RBW
Test 3: Seven Oaks
Test 4: Upper RBW
Test 5: Seven Oaks

Concavity (m) Completeness Correctness OptNetErr OptHydro
5.49
0.776
0.760
0.016
1.02
5.49
0.734
0.629
0.105
1.17
5.49
0.837
0.652
0.185
1.28
4.57
0.698
0.706
-0.007
0.99
3.66
0.794
0.805
-0.011
0.99

The calibrated BELLR model was applied to the two residential study areas to test
hypothesis three that the older Upper RBW neighborhood would have higher omission
errors; i.e., lower completeness values at OptNetErr, than the younger Seven Oaks
neighborhood. Both of the smaller neighborhood models were run using the same
parameters as for the entire RBW watershed. The Seven Oaks application of the model
provides a cross-site validation independent from the RBW data. For the Upper RBW
area the resulting completeness and correctness values were lower than the calibrated
results for the entire RBW. The OptHydro value of 1.17 (completeness: 0.734,
correctness: 0.629) for the Upper RBW indicates that the predicted BIA was
overestimated by 17% (Table 3.3). For the Seven Oaks residential neighborhood, the
model produced the highest completeness value but a low correctness value, with an
OptHydro of 1.28 (completeness: 0.837, correctness: 0.652), which overestimates BIA by
28%. The results support hypothesis three that the Upper RBW will have smaller
completeness and correctness values representing larger errors of omission and
commission than Seven Oaks (Table 3.3: Tests 2 vs. 3 and Tests 4 vs. 5). They show that
optimal concavity value (3.66) for the younger suburban area (completeness: 0.794,
correctness: 0.805) is less than for the Upper RBW (4.57) or entire RBW areas.
Apparently, the concavity is too aggressive (overestimates BIA in the delineation of
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polygons around groups of points) for Seven Oaks based on the calibration developed for
the entire RBW (Figure 3.7), while smaller trees and larger homes on larger lots in the
younger Seven Oaks residential neighborhood (Figure 3.8) produce higher levels of
completeness so that large concavities are not needed. Test 4 has a larger concavity value
than Test 5 to prevent underestimation of BIA under tall vegetation canopy at the edges
of rooftops in the Upper RBW. Therefore, a more aggressive buffering distance may
improve the BELLR model results for areas with BIA under tall vegetation canopy.
Smaller concavity values are generally better for small polygons to prevent grouping
multiple building objects together. This difference in polygon size may explain why the
two residential areas (Tests 4 & 5) use smaller concavity values than the entire RBW
(Test 1), which includes commercial and industrial areas with large buildings. If such
systematic explanations are consistent, then optimized parameters of the BELLR or
similar models may be adjusted based on the type of architecture and vegetation.

Figure 3.7 Accuracy parameters and proportion of modeled buildings to reference
buildings (OptHydro) values for model runs using parameters derived for the entire RBW
(cell size 0.9 m, AdE threshold 0.3 m)
In both examples the concavity value indicated as optimal for the entire RBW (5.49)
overestimates OptHydro. (A) Values for Upper RBW. (B) Values for Seven Oaks.
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Figure 3.8 Extracted building shapes and areas
Extracted building shapes showing buildings points, polygonal objects (indicated by
dashed, irregular lines) with red numbers underlined as areas (m2), and building reference
polygons (indicated by solid rectangles in light color) with black numbers as areas (m2)
for (A) Upper RBW residential neighborhood (Image from U.S. Geological Survey
EarthExplorer) and (B) Seven Oaks (Image from U.S. Geological Survey EarthExplorer).

The results of hydrologic model applications of the BELLR PIA, 2011 NLCD
PIA, and reference PIA (Sexton 2014) indicate that the BELLR PIA values are a
substantial improvement over the standard method of using NLCD PIA values derived
from satellite imagery. Application of PIA values to Bohman’s (1992) empirical models
of flood magnitude shows that BELLR PIA estimates of peak discharges are essentially
the same as those derived from the reference PIA values, but 2011 NLCD-derived PIA

38

greatly underestimates peak discharges (Figure 3.9). The average percent biases for peak
discharges based on BELLR PIA and the 2011 NLCD PIA were 0.79 ± 0.04 and -5.85 ±
0.31, respectively (Table 3.4). Similarly, comparisons of the three SWMM storm runoff
simulations with observed discharge values suggest that BELLR PIA performed slightly
better than NLCD PIA. The Nash-Sutcliffe Efficiency (NSE) values for the three
SWMM simulations were 0.964, 0.963, and 0.956 for runoff simulations of referenced
PIA, BELLR PIA, and NLCD PIA, respectively.

Figure 3.9 BELLR PIA (54.4%), 2011 NLCD PIA (50.9%), and reference PIA (54.0%)
applied to two hydrologic models.
(A) Bohman’s (1992) models for estimating flood magnitudes with recurrence intervals
ranging between 2 and 500 years. BELLR and reference results are indistinguishable.
(B) Stormwater runoff at the outlet of the upper RBW simulated by SWMM for a storm
on August 4, 2016. Reference and BELLR flows are indistinguishable from one another
on the plot but underestimate the peak rate, whereas NLCD flows are slightly lower than
the reference results during the peak of the event.
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Table 3.4 Percent bias in results of flood magnitudes with recurrence intervals ranging
between 2 and 500 years based on BELLR PIA and 2011 NLCD PIA
Recurrence
Intervals
2
5
10
25
50
100
500
Mean % bias
Standard
error

% bias of flood magnitudes
based on BELLR PIA
0.94
0.89
0.85
0.79
0.75
0.71
0.61
0.79

% bias of flood magnitudes based
on 2011 NLCD PIA
-6.93
-6.55
-6.25
-5.85
-5.55
-5.25
-4.53
-5.85

0.04

0.31

3.5 Conclusion
Local agencies seek automated or semi-automated methods to estimate
impervious surfaces for hydrologic modeling applications (such as flooding) and
ultimately for levying stormwater taxes. Mapping building surface areas is a key
parameter in this goal. A primary challenge for building extraction models under
abundant tree cover for hydrologic purposes is to obtain an accurate estimate of BIA.
LiDAR point-cloud data can be used effectively with bottom-up segmentation to extract
two-dimensional building footprints to assist in mapping impervious surfaces in urban
areas with tall canopy. This study provides a method to identify and map residential
buildings under tall canopy using LiDAR point-cloud data for mapping or improving
maps of impervious surface areas. Building identification methods are well-known to be
sensitive to point density (a result of pulse spacing and overlap), and higher pulse
densities generally result in greater accuracies. The BELLR model creates an nDSM by
subtracting the bare earth DEM from a non-ground last-return DSM and using an AdE
VDF to distinguish rooftops. The methodology for automatic building extraction from
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LiDAR point-cloud data using this VDF could be applied in other point-cloud filtering
algorithms for feature extraction in machine learning. This method can be used to
develop maps of impervious surfaces or to periodically update building extents through
time following new data acquisition developments.
Inherent limitations to LiDAR point-cloud data and accuracy assessment methods
limit model completeness of building areas to less than 100% of BIA on reference areas.
These low estimates can be compensated for by optimization procedures that balance
completeness and correctness values. These methods are suitable for hydrologic and
other applications where the total area is more important than precise locations of
buildings. In this study, optimized and recalibrated models for two small study areas
produced OptHydro values of 0.99, which represents only a 1% underestimation in BIA
(Table 3.3: Tests 4 & 5). The BELLR model is better at identifying the buildings in the
younger Seven Oaks residential neighborhood than older residential neighborhoods in the
Upper RBW, which requires a larger buffering distance to compensate for the edges of
rooftops to reduce omission errors under tall vegetation canopy. Application of BELLR
BIA to two hydrologic models indicated that it outperformed 2011 NLCD PIA data,
which are commonly used where detailed PIA maps are not available. With further
experimentation, model parameters can be linked to vegetation and structural
characteristics to produce more robust models. Further research is needed to explore
parameter settings and ancillary data that may enhance these results.
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Chapter 4: Impacts of Urbanization on Stormflow Magnitudes in Small
Catchments in South Carolina, USA1

________________________________________________________________________
1

Hung, C.-L. J., L. A. James, and G. J. Carbone. To be re-submitted to Anthropocene by
May 21, 2018.
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4.1

Abstract
This study compares stormflow between three small inland catchments in the

South Carolina Sandhills of the USA: two heavily urbanized and one rural, forested
catchment that serves as a proxy for pre-urban conditions. Comparisons of runoff
volume, runoff coefficient, peak discharge, and shape of dimensionless unit hydrographs
(DUH) show significantly larger stormflow volume and peak instantaneous discharge in
the urban catchments that exceed those in the forested catchment by more than an order
of magnitude. Changes in hydrograph shapes are visualized by DUHs and measured by
skewness and kurtosis. Urban kurtosis values of DUHs are significantly higher than
forested kurtosis values (p-values < 0.01). In addition to changes in hydrograph shapes,
urban runoff coefficients are significantly higher (p-values < 0.0001) than forested
values. Urban times-to-peak were correlated with rainfall durations. Urbanization of
hilly, forested areas with sandy soils, such as those in this study, can cause pronounced
increases in runoff and peak discharge that result in substantial non-stationarity and
increased flood risks. These hydrologic changes reveal a substantial shift in stormwater
responses to anthropogenic alterations that represent a pervasive aspect of the
Anthropocene.
Keywords: Urban flood hydrology; Stormwater runoff generation; Land-use change;
Hydrograph; Anthropocene; Rainfall-runoff process
4.2

Introduction
As urbanization rapidly expands (Zambrano, Pacheco-Munoz, and Fernandez

2017; Seto, Güneralp, and Hutyra 2012; Güneralp, Güneralp, and Liu 2015), it causes
fundamental alteration of hydrologic, geomorphic, ecologic, aquatic, and water quality
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systems (Foley et al. 2005; Trudeau and Richardson 2015). This study quantifies
changes in storm runoff in response to land-use changes by contrasting runoff between a
relatively undisturbed forested catchment and two heavily urbanized catchments in
Columbia, SC, USA. Specifically, relationships between precipitation and stormwater
responses—including flow peaks, runoffs depths, and storm hydrograph shapes—are
contrasted between catchments. This controlled study measures the magnitude of
changes to stormwater generation caused by urbanization at the small catchment scale.
As such it provides a proxy for changes in hydrologic behavior that may be expected due
to anticipated development.
4.2.1. Hydrologic effects of urbanization
The vast majority of studies investigating the urban effects of runoff have been
conducted on large catchments, and such studies of extreme floods have concluded that
more information is needed for small drainage basins (Herschy 2002; Miller and Hess
2017). Studies that have investigated how urbanization affects hydrographs in small
catchments have ranged from those focused on the effectiveness of mitigation measures
(Jarden, Jefferson, and Grieser 2016), to empirical observations (Miller and Hess 2017),
to modeling studies (Valeo and Moin 2001). They have revealed that urbanization effects
vary not only with spatial scale but also with event magnitude. Specifically, increases
due to urbanization tend to be proportionally greatest for small floods with short
recurrence intervals (Bosch Darrell et al. 2003; O’Driscoll et al. 2010). Researchers
typically have measured urban effects on storm flow with the hydrologic disturbance
index (HDI), defined as the ratio of peak discharge under urbanized conditions to peak
discharge under forested conditions for the same location (Moglen et al. 2004).
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4.2.1.1. Urban effects on peak discharge, time to peak, and hydrograph shapes
Depending on the physical characteristics of the surface, urban runoff is sensitive
to a combination of precipitation, antecedent soil moisture, land use, and groundwater
conditions (Redfern et al. 2016). Urban areas tend to have higher peak flows that arrive
more rapidly than flows in comparable rural areas (Schueler and Holland 1994; Walsh et
al. 2005; Dupigny-Giroux, Hanning, and Engstrom 2006) or in the same areas before
intensive urbanization (Gagrani et al. 2014; Trudeau and Richardson 2015). Particularly,
the timing between rainfall and peak discharge is shorter after urbanization (Moramarco,
Melone, and Singh 2005; Cuo et al. 2008; Leopold 1968; Putnam 1972; Rose and Peters
2001; Burns et al. 2005; Dow 2007). Peak instantaneous discharges also are greater after
urbanization (Dupigny-Giroux, Hanning, and Engstrom 2006; Putnam 1972; Leopold
1968; Bohman 1992). Guan, Sillanpaa, and Koivusalo (2015) simulated the effects of
land-use change, urban development—especially increased imperviousness—and
stormwater management practices on peak flows. They found that urbanization; i.e., the
creation of residential neighborhoods in southern Finland, increased peak flows by an
order of magnitude. Hydrograph shapes also can be altered by urbanization. For
example, hydrograph kurtosis can be altered by the addition of drainage networks (Graf
1977).
4.2.1.2. Runoff coefficients
Runoff coefficients (RC), computed as the ratio of total runoff volume to total
precipitation volume, integrate complex climatic, land use/land cover, and hydrologic
processes that affect runoff. The proportion of rain that runs off tends to increase with
factors that decrease infiltration or evapotranspiration. In mountainous regions, increases
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in RC in response to steep slopes and shallow soils can be partially offset by lower
temperatures and forest vegetation. A study of long-term (1958-1990) annual RC in
Georgia found a relatively high mean annual RC (0.54) in two high-relief basins in the
Blue Ridge Mountains and lower RC (0.37) in lower-relief basins of the middle Piedmont
(Rose and Peters 2001). That study found no significant difference between the highly
urbanized Peachtree catchment in Atlanta and four non-urban Piedmont catchments,
which had similar mean annual RCs that were significantly less than those in the Blue
Ridge Mountain catchments. In the Piedmont region of the Southeastern USA, the mean
annual RC increased from 0.35 to 0.70 in 33 years from 1962 to 1995 in an urbanizing
catchment at Charlotte, North Carolina (Smith et al. 2002). Runoff coefficients also vary
seasonally in response to rainfall intensities and evapotranspiration. The possibility also
exists for extra-basin transfers of municipal water in or out of a basin, which can raise or
lower RC values, respectively (Price 2011). In urban areas, transfers of water into the
basin by a municipal water supply can increase RC values for low flows but should have
negligible effects on stormflow.
4.2.1.3. Non-stationarity of runoff and changes to stormwater conveyance
Increased runoff and flood risks due to urbanization represent a form of runoff
non-stationarity that can result from percent impervious area (PIA), backwater behind
bridges, storm sewer systems, and other changes to runoff generation and storm-water
conveyance. Non-stationarity applies to conditions in which the statistical properties of
hydrologic events (e.g., mean or variance of rainfall or streamflow) are changing. Nonstationarity can be caused by human disturbances (e.g., land-use, water-conveyance, and
anthropogenic climate change), natural climate changes, and low-frequency, internal
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variability (e.g., systematic meteorological variations including ENSO, NAO, etc.) (Milly
et al. 2008). Non-stationarity can be expressed by changes in climatic variables such as
precipitation and temperature, catchments (e.g. imperviousness), soil infiltration rates,
and groundwater aquifers. It may also include changes to river systems such as
conveyance, flow roughness, water levels, and channel morphology (Bloschl et al. 2015).
Recognition of these forms of non-stationarity and their behavior in urban systems is
essential to accurate applications of models and calculations of flood frequencies.
Urbanization also causes substantial changes to floodwater conveyance that alter
flow velocities and stormwater storage. This may take the form of channelization or
smoothing that increases conveyance or the introduction of large-scale roughness
elements that decrease conveyance. Most studies of increases in roughness due to urban
infrastructure have been within the context of hydraulic modeling of water-surface
profiles (Brunner 2016). Increased roughness in urban areas is common at bridges with
undersized culverts, road embankments across floodplains, trash, coarse bank and bed
armor, large woody debris, and vegetation established on non-erodible banks. Urban
streams are often characterized by a large number of road crossings or bridges that can
constrict flow during large storms. Bridges tend to generate backwater, decrease flow
velocities, store stormwater, cause scour, and alter downstream hydrologic and
geomorphic responses (Bradley 1978; Kaatz and James 1997; Gregory and Brookes
1983). Methods have been developed to describe the geomorphic stability of channels
near bridges (Johnson, Gleason, and Hey 1999). Older bridges may have small culverts
that were designed for smaller flows under pre-urban hydrologic conditions. Gregory
and Chin (2002) address the importance of longitudinal connectivity in urban channel
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networks and catchment-scale principles from an integrative channel restoration
perspective. They describe the importance of road crossings and bridges to channel
morphology and present a network-based methodology for analyzing small urban
watersheds for such effects. Blanton and Marcus (2009) present an assessment of road
and railroad networks in the USA and their importance to lateral connectivity between
channels and floodplains. At the small catchment scale, the spatial pattern of backwater
or bridges and road crossings on flood waves and geomorphic channel changes at the
small catchment scale needs to be considered (Gregory and Brookes 1983; Demissie et al.
2017; Chin and Gregory 2005). Numerous undersized, older bridges may exist below
some neighborhoods that create a string of ponds during storm events that act as
unplanned detention structures.
Historically, few small urban catchments have had continuously recording flowstage recorders suitable for flood flows prior to the advent of acoustic Doppler current
profiling (ADCP). Inherent difficulties are associated with rapid flood-wave arrival and
recession and with developing conventional stage-discharge rating curves with backwater
at road crossings. These problems make it difficult to calibrate urban stream-flow gauges
and to provide empirical data to quantify flood risks in small urban catchments. A new
era of urban hydrology is emerging, however, in response to the increasing availability
and capabilities of ADCP stream-flow measurement technologies.
4.2.2. Scope, objectives, and hypotheses
This study measures hydrologic responses to intense urbanization by comparing
hydrologic responses in two urban catchments with a relatively unchanged nearby
catchment, which is used as a control that is assumed representative of previous
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conditions of the urban catchment. It evaluates the effects of urbanization on runoff
generation, stormflow volumes, and peak stormflow discharges as measured by
comparisons of runoff depths, runoff coefficients, peak discharges, stormflow peak
arrival times, and shapes of dimensionless unit hydrographs between the watersheds to
demonstrate the impacts of anthropogenic change on stormwater generation and storm
hydrographs.
The objectives are to examine hydrologic differences between stormflows in
forested and urban catchments in order to understand the factors affecting the size and
timing of storm hydrographs in highly urbanized catchments. Storm flows are
statistically compared between one forested and two urban catchments in order to
quantify hydrologic responses to anthropogenic changes in land use. The study contrasts
peak discharges, volumes of storm water, shapes of storm hydrographs, and runoff
coefficients generated by a variety of storm events between catchments under varying
LU/LC, PIA, zoning, slope, and storm-sewer densities. We describe the study
catchments in Section 2, methods in Section 3, and results in Section 4.
Three hypotheses concerning runoff responses to urbanization were tested:
1) Urban runoff volumes standardized for rainfall and drainage area are greater
than forested runoff volumes
2) Urban peak discharge rates standardized for rainfall are greater than forested
peak discharge rates
3) Urban hydrograph shapes have different shapes than forest hydrograph
shapes:
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A. Urban hydrographs are more right-skewed than forest hydrographs.
B. Urban hydrographs are more leptokurtic (peaked) than forest
hydrographs.
4.3

Study area
Three catchments are examined in this study (Figure 4.1). The Mill Creek

Watershed (MCW) is relatively rural and forested with a drainage area of 6.8 km2, which
is slightly larger than the others. It is located on Fort Jackson, a U.S. army training base,
and has not experienced any urban development. In contrast, Rocky Branch Watershed
(RBW) contains two highly urbanized subcatchments. The Pickens catchment is heavily
urbanized with a drainage area of 5.4 km2 comparable to MCW. The Above Gervais
catchment (Gervais) is a smaller (0.30 km2), heavily urbanized sub-basin within the
Pickens catchment. Both the Pickens and Gervais sub-basins are in the urbanized upper
RBW near downtown Columbia, South Carolina. Many of the channels are in culverts or
storm sewers and the open channels are often heavily engineered with rip-rap. The RBW
is highly urbanized with surprisingly little storm-water management. Only one storm
detention structure with an area of 3,377 m2 exists in the Pickens catchment. In 2018,
RBW above the Pickens gauge had a PIA of 54.4% and a PIA of 72.3% for the
subcatchment above the Gervais gauge (Sexton 2014; Wooten 2008; Hung, James, and
Hodgson 2018). According to City of Columbia zoning ordinances (Table 4.1), land use
in the Pickens catchment (Upper RBW) consists of 61% residential and 37% commercial
land use, whereas the Gervais subcatchment consists of 11% residential and 89%
commercial. Neither urban catchment has appreciable industrial or rural land use. Local
relief is somewhat greater in MCW and average slopes are similar (Table 4.1).
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All three catchments are located in the Carolina Sandhills physiographic region,
which runs along the western boundary of the Coastal Plain physiographic province. It
has moderately steep slopes and a surface layer of loose aeolean sand of the Pinehurst
Formation (Swezey et al. 2016), which is characterized by highly permeable soils
(Jamilla 1999). The catchments have similar climates, slopes, soils, and geologic
histories and were presumably hydrologically similar prior to European settlement.
Bohman (1992) compared ratios of urban-to-rural two-year discharges (HDI_Q2)
between Piedmont, Upper Coastal Plain, and Lower Coastal Plain catchments in South
Carolina based on a large number of gauges and runoff models. He concluded that
urbanization in the Upper Coastal Plain, including the Sandhills region of this study,
increased Q2 by a factor of 13.5 over rural areas; i.e., HDI_Q2 =13.5. In contrast,
increases in Q2 in Piedmont and Lower Coastal Plain catchments of South Carolina
increased by factors of only 2.9 and 3.7, respectively, in response to urbanization. Of all
the catchments included in Bohman’s (1992) statistical study, RBW at Pickens had the
most extensive imperviousness at approximately 50% by surface area.
The upper west branch of Mill Creek (MCW) has a catchment area of 6.8 km2,
comparable in area to RBW, but is free of urbanization, lakes, or ponds. It has only one
detention structure, and it is largely forested with a PIA less than 1%, and with little
development other than a rifle range and dirt roads. The stream gauge at the outlet of
MCW is only 11.6 km from the Pickens stream gauge and the catchment is similar in soil
type, slope, and climate to RBW. Much of the land had been used for agriculture prior to
opening of the fort in 1917, but later reverted to pine forest. Other than firebreaks in the
form of dirt roads and a ditch through a wetland above the gauge site, MCW behaves
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hydrologically like a reforested, rural catchment. The clear difference in LU/LC provides
a contrast between urban and forested hydrologic processes in this region.

Figure 4.1 The three study catchments with streamflow and rain gauges
(A): all three catchments superimposed on a NAIP Image (USDA-FSA-APFO 2017) of
the Columbia, South Carolina (SC) area, showing the urbanized area in the west and the
forested area of Fort Jackson in the east. (B): Shaded relief from LIDAR data for Rocky
Branch Watershed (RBW) Above Pickens (5.40 km2) with the Above Gervais (0.30 km2)
subcatchment. (C): Shaded relief from LIDAR data for Mill Creek Watershed (MCW)
(6.84 km2).
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Table 4.1 Basin Topography, Zoning, and Land Use/Land Cover
Topography

Drainage Area
(m2)
6,842,220
5,401,830
303,721

Watershed
Mill Cr
Pickens
Gervais

Relief
(m)
83.5
48.3
26.0

Zoning

Residential

Mill Cr
Pickens
Gervais

(%)
0
61.1
10.8

Commercial
(%)
0
37.3
89.2

Developed

Forest

(%)
5.10
98.6
100

(%)
54.7
1.25
0

2011
NLCD
Mill Cr
Pickens
Gervais

Average
Slope
(%)
22
19
24
Industrial
(%)
0
1.57
0
Shrubland
(%)
0.41
0.20
0

Depressions >10 cm

Depressions >10 cm

(m3)

(cm)
48,807
16,614
828

0.71
0.31
0.27

Rural

SS density

(%)
100
0
0

km/km2
0
9.30
7.49

PIA 2011
NLCD
(%)
0.58
51.0
73.9

Herbaceous
(%)
28.5
0
0

Planted/
Cultivated
(%)
7.53
0
0

Barren
(%)
0.97
0
0

PIA*
(%)
54.4
72.3
Wetlands
(%)
2.78
0
0

* Hung et al. (2018); adapted from Sexton (2014) adapted from Wooten (2008)
4.4

Methods
This study contrasts the hydrologic responses of two catchments with very similar

characteristics, such as drainage area and stormwater storage, but with very different land
uses. Inherent catchment characteristics, such as slopes and soils, were measured to
compare hydrologic differences between urban and forested catchments and to test the
assumption that they are similar between the catchments. The degree and nature of
urbanization in the catchments were quantified and compared by measuring PIA and
storm-sewer densities in order to contrast land-use changes. Hydrologic differences were
measured by comparing standard hydrologic characteristics including peak stormflow
discharge, time to peak discharge, storm volume, hydrograph shape, and stormflow
runoff coefficient.
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4.5.1.

Spatial characterization of catchments
Drainage divides and channel networks for all three catchments were mapped

using a Richland County digital elevation model (DEM) derived from LiDAR bare-earth
elevation data. Airborne LiDAR point-cloud data for Richland County were collected for
the state of South Carolina and the U.S. Geological Survey in March 2010 at 1500-1700m AGL. LiDAR data were collected with a target pulse density of > 2 points per m2 with
seven GPS base stations for control. Drainage divides for the MCW were delineated
digitally from the DEM by standard automated methods using Arc Hydro® tools in ESRI
ArcGIS® 10.3.1 based on a pourpoint (outlet) at the stream gauge. For the two
catchments in RBW, a storm-sewer map and 0.6-m contours were overlain on a shaded
relief map derived from the DEM. Divides were delineated by visually interpreting these
maps within a geographic information system (GIS). Changes in the divides caused by
storm sewer extra-basin transfers were relatively minor. The LiDAR DEMs for each of
the three catchments were used to compute local relief from maximum and minimum
elevations and average slope.
Current LU/LC conditions of the catchments were measured using data from the
2011 National Land Cover Database (NLCD) (Homer et al. 2015). The data were
summarized into 7 LU/LC categories: developed, forest, shrubland, barren, herbaceous,
planted/cultivated, and wetlands. Storm sewer (SS) densities for RBW were computed
from City of Columbia digital SS maps as the total length of SS divided by the area of the
catchment. Impervious surface areas in RBW were mapped in 2007 using highresolution Pictometry imagery (Wooten 2008) and updated for changes and revised
drainage divides in 2014 (Sexton 2014). Values of PIA for MCW were taken from
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Percent Developed Imperviousness 30×30-m NLCD data (Xian et al. 2011). Soil types
for the three catchments were derived from SSURGO digital soil map soil-type attributes
that group multi-taxa units (NRCS 2017).
A geomorphometric analysis of internal depressions, as detected on the DEM,
was conducted to map potential floodwater storage sites. The LiDAR DEM was filled
using the Arc Hydro® hydrologic toolset and the filled DEM was subtracted from the
original DEM to develop a gridded model of depressions. Depression volumes were
computed by interpolating 0.5-m contours from the depression grid, computing zonal
statistics with the depression DEM, filtering out all depressions less than 10 cm deep, and
summing the volumes. Average surface depression storage depths were computed by
total volumes of depressions divided by the catchment area. Depressions mapped at the
upslope side of roads are often drained by culverts, but during intense rainfalls, culvert
capacities can be exceeded or culverts can be choked with debris, so this depression
analysis maps sites vulnerable to flooding and provides a potential volume of distributed
stormwater storage.
4.5.2.

Hydrologic data collection and calibration
Rainfall and streamflow data for the two urban catchments in RBW come from a

variety of sources from 2016 to 2017 (Table 4.2; Figure 4.1), and for the forested site in
MCW where rainfall-runoff data were collected between 1997 and 1998 (Atkins et al.
1999). Six continuously recording streamflow gauges were established in the entire
MCW and rainfall was measured at a series of rain gauges established as part of a broader
study of rainfall, runoff, and water quality (Atkins et al. 1999). That report used only
surface runoff from the Geography Department of the University of South Carolina (USC
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Geog) MCW streamflow gauge and rainfall from the USC Geog MCW rain gauge. The
rainfall and streamflow data for RBW include data collected and calibrated by third
parties as well as our own field measurements of flow stages and discharges at
magnitudes up to moderate stormflows. The RBW streamflow data were augmented with
flow-stage data collected for this study logged at 1-, 2-, and 5-minute intervals to measure
the rapid response of runoff in an urban catchment. Storm hydrographs and
dimensionless unit hydrographs (DUH) were constructed for flows at all three sites and
compared.
Table 4.2 Rainfall and stream gauges used in this study
Duration & Sample Interval

Drainage
Area (km2)

Time Interval
(min)

USC Geog MCW
City* ROCA
County HQ
County MLK
USC Geog

~1.5 yr, 1997 - 1998
> 3 yr, 3/28/2014 - 11/3/2017
> 2 yr, 5/1/2015 - 11/3/2017
> 3 yr, 10/8/2014 - 11/3/2017
> 2 yr, 6/11/2015 - 11/3/2017

NA
NA
NA
NA
NA

15
5
1 to 5
1 to 5
1

Precipitation
Precipitation
Precipitation
Precipitation
Precipitation

USC Geog MCW
USC Geog Pickens
USC Geog Gervais
City* ROCA
City* ROCA

~1.5 yr, 1997 - 1998
> 2 yr, 6/9/2015 - 11/3/2017
> 2 yr, 6/9/2015 - 11/3/2017
> 3 yr, 3/28/2014 - 11/3/2017
> 1 yr, 6/14/2016 - 11/3/2017

6.8
5.4
0.3
5.4
5.4

15
1 to 2
1 to 2
15
5

Stage; Q
Stage
Stage; Q
Stage
Discharge

Gauge ID

Available Data

* City of Columbia contracted with Woolpert, Inc. to provide stage, discharge, and
precipitation data at Pickens.
4.5.3.1. Precipitation data collection
Rainfall data for MCW were collected at 15-minute intervals with a Texas
Electronics TR-525M tipping bucket rain gauge located within the MCW near the
drainage divide about 1 km from the stream gauge (Figure 4.1). Rain gauges in RBW
were operated by the Richland County Weather Information Network Data System (HQ
and MLK), by Woolpert, Inc. at the Pickens streamflow gauge (ROCA), and by the
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University of South Carolina (USC) Geography Department approximately ~0.5 km
southeast of the Pickens streamflow gauge (Figure 4.1). Rainfall data were continuously
recorded every minute at the USC gauge, at 5-minute intervals at the ROCA gauge, and
at intervals ranging from one to five minutes at the HQ and MLK rain gauges. Time to
peak measurements in RBW utilized rainfall data from the USC and HQ rain gauges
collected at one-minute intervals. Short time intervals are crucial for measuring the rapid
storm runoff response, especially in the small Gervais catchment. Statistical parameters
describing the precipitation events were calculated including rainfall duration, depth,
volume, and intensity. Mean monthly precipitation at the USC gauge for each period
used in the analysis were compared with the 30-year average (1981-2010) at the USC
gauge (Figure 4.2) using the CISA (2017) website to extract the data. The MCW June
and July 1997 months were considerably wetter than normal. Although August, 1997
was very dry, the only August event used in this study was on August 3, 1997. The
Gervais runoff analysis used precipitation data from September to December, 2015,
which was a period of substantially greater rain than normal. The precipitation for the
period used in the Pickens runoff analysis from June to December, 2016 was drier in June
and July but wetter through October.

Figure 4.2 Mean Monthly Precipitation at USC gauge from CISA (2017)
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4.5.3.2. Flow stage and discharge measurements
Stage and discharge measurements collected at the MCW and Gervais sites
provided continuous stage records, stage-discharge rating curves, and precise
measurements of time to peak discharge. Few discharge measurements were made in
RBW prior to 2015 other than measurements made in the 1980s (Logan, Eckenwiler, and
Bohman 1995; Bohman 1992). Instantaneous discharge measurements at the Gervais and
MCW sites used in this study were made using the velocity-area method (Turnipseed and
Sauer 2010). Velocities were measured with a Marsh McBirney 2000 Flowmate currentvelocity meter and stage heights were read from staff gauges during measurements. A
comparative instrument analysis concluded that electromagnetic current meters (ECM),
such as the Marsh McBirney, perform at least as accurately as Acoustic Doppler Current
Profilers (ADCP) under turbulent flow conditions (MacVicar and Roy 2007). However,
readings could not be obtained from the ECM with sufficient rapidity at the Gervais site
during high flows to obtain accurate measurements, so discharge data at that site are
restricted to low to moderate flows. Beginning in June, 2016, the City of Columbia
contracted with Woolpert, LLC, to install a Sontek IQ ADCP in RBW ~20 m upstream of
the previously existing stage recorder at the Pickens site. The bottom-mounted ADCP
can produce a continuous record of discharge even under backwater conditions but it
could not measure overbank flows. Therefore, this study used the ADCP within-bank
discharge measurements at Pickens and our own discharge measurements at the Gervais
and MCW sites, where stage-discharge calibrations were made.
Flow-stage data for MCW were collected at a 15-minute sampling interval using a
data logger and a depth sensor with a Motorola MPX5010 temperature-compensated
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pressure transducer mounted in a 10-cm diameter vertical stilling well. One flow event at
MCW, the maximum stage that occurred during the period, exceeded the range of the
transducer, so that truncated hydrograph is not used in this study. Continuous one- and
two-minute flow-stage data were recorded at both catchment sites in RBW. The high
temporal resolution allows computation of time to peak and hydrograph shapes for flashy
urban streams where hydrologic response is relatively rapid. Stages were recorded with a
Solinst Model 3001 level logger Jr. Edge temperature-compensated pressure transducer
with a 5-m vertical range and accuracy of ± 0.6 cm. The level loggers were compensated
for barometric changes using a companion Barologger Edge. Unimodal stage
hydrographs for moderate-magnitude storms were selected from the continuous stage
data based on well-defined rainfall durations. At the Gervais gauge, stage-discharge
rating curves were developed for low to moderate flows based on 15 discharge
measurements over a range of flows from 0.001 to 0.418 m3/s. Thus, the rating curve at
the Gervais gauge is only valid up to a flow of 0.418 m3/s and larger discharges at that
site were not included in the hydrograph analysis, although high stages were used for
time to peak analyses.
4.5.3. Rainfall-runoff and hydrograph analyses
Rainfall depths were computed from single rain gauges in MCW and in the
Gervais basin (HQ) (Table 4.2). In the Pickens basin, rainfall depths were computed by
partitioning the catchment with two Thiessen polygons and spatially weighting rainfall
for each storm. Based on available rain data, nine storms used the ROCA and HQ rain
gauges and two storms used the ROCA and MLK rain gauges. Runoff coefficients for
the MCW and Pickens catchments were computed as the ratio of total runoff to total
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rainfall volumes. In the MCW, runoff coefficients were computed for one year in 1997
(Atkins et al. 1999) and for one year in the Pickens catchment, July 2016 to June 2017.
Runoff coefficients were also computed for individual storms in all three catchments.
Ratios of stormwater volume to total runoff volume were also calculated for the selected
storms in each catchment. Differences in runoff coefficients and storm runoff
coefficients (after baseflow separation) for individual storms between two sites were
analyzed with a Wilcoxon nonparametric rank-sum test using the PROC NPAR1WAY
procedure of SAS (v. 9.4; SAS Inst. Inc., Cary, NC, USA).
Representative moderate-magnitude unimodal storm hydrographs were selected
from the measured flow events and used to generate model storm hydrographs (Pilgrim
and Cordery 1993; NRCS 2010). Hydrographs for ten storm events with peak discharge
rates of at least 0.12 m3/s were selected from MCW 15-minute streamflow and rainfall
data. Eleven storm events with peak discharge rates greater than 2.36 m3/s but smaller
than 10.13 m3/s were selected for the Pickens gauge and seven storm events with peak
discharge rates greater than 0.080 m3/s but smaller than 0.418 m3/s were selected for the
Gervais gauge, using data collected at time intervals ranging from 1 to 5 minutes.
Baseflow was computed for hydrographs at all three gauge sites using the semi-log
recessional curve method (Linsley, Kohler, and Paulhus 1958) and was subtracted from
total flow (Figure 4.3). The resulting storm hydrographs were used to compute time to
peak from the onset of precipitation to the discharge peak to document stormflow peak
arrival times.
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Figure 4.3 Baseflow separation for a representative stormflow at Pickens on August 19,
2016. Precipitation and hydrograph with total, storm, and baseflows.

Storm hydrographs for the three catchments were converted to dimensionless unit
hydrographs (DUH) and averaged to develop a model DUH for moderate magnitude
stormflow. Model hydrographs were constructed from several DUHs for MCW (10),
Pickens (10), and Gervais (7), after eliminating one event from Pickens due to irregularly
distributed rainfall bursts. Skewness and kurtosis of discharge with respect to time were
computed for each DUH to compare hydrograph shapes between catchments. Statistical
parameters describing the storm hydrographs and DUHs were calculated including storm
runoff depth, volume, time to peak, and DUH skewness and kurtosis. Skewness and
kurtosis of DUH stormflows at each of the three pairs of sites were analyzed with the
same Wilcoxon nonparametric rank-sum test used for runoff coefficients.
Time to peak (Tp), the time from onset of effective rain to peak discharge, was
measured from storm hydrographs in the urban catchments to determine the timing of
arrival of peak stormflows and allow comparisons between catchments. No Tp analysis
was computed for MCW due to its 15-minute data. At the Gervais streamflow gauge, Tp
was computed using one-minute flow-stage data and one-minute rainfall data at the HQ
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weather station rain gauge. At the Pickens gauge, Tp was computed using one-minute
flow-stage data that we collected and one-minute rainfall data at the HQ rain gauge.
4.5.4. Methods of hypothesis testing
Three hypotheses were tested by a variety of both qualitative and quantitative
methods.
1) The first hypothesis that urban runoff volumes were greater than forested runoff
volumes was first tested by a Wilcoxon rank-sum test of runoff coefficients, which
provides significance values for the differences. This hypothesis was also tested
by regressing runoff volumes on precipitation and computing ratios of the urban
and forested catchment regression line slopes.
2) The second hypothesis that urban peak discharges were greater than forested peak
discharges was tested by regressing discharges on precipitation and computing
ratios of the urban and forested catchment regression line slopes. A t-test of the
difference between the two regression slopes was conducted.
3) The third hypothesis that urban hydrographs have a different shapes was tested in
two ways. First, dimensionless unit hydrographs (DUHs) were plotted to show
differences visually. Then, DUH skewness and kurtosis values were computed
and tested for differences using the Wilcoxon rank-sum test.
4.5

Results and discussion

4.5.1.

Catchment characteristics
All of the land-use, zoning, soils, and storm-sewer map analyses corroborate the

dichotomies between the forested MCW and the urban Gervais and Pickens catchments
with respect to urban land development (Table 4.1). Although MCW is not pristine with
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respect to post-colonial ecological changes (e.g., Wohl et al., 2017), it provides a good
representation of flood hydrology in a catchment of the Sandhills region with little urban
development. MCW has no storm sewers (SS), but the Pickens and Gervais catchments
have SS densities of 9.3 and 7.5 km/km2, respectively (Table 4.1). Average surface
depression storage depths > 10 cm deep were 0.71, 1.29, and 0.27 cm, for MCW,
Pickens, and Gervais, respectively. The MCW had one stormwater detention pond in
1997 with a volume of approximately 2,866 m3 and a total volume of 48,807 m3 of
potential flood storage based on the DEM fill analysis of depressions deeper than 10 cm.
Most of the MCW depression storage is located in one low area in the upper catchment
with 27,825 m3 of storage where road culverts control a large depression. The Pickens
catchment has one stormwater detention structure with a volume of approximately 17,071
m3. The total volume of depressions > 10 cm deep in the Pickens catchment is 69,877 m3
in addition to the detention pond. These depressions could store floodwater during
intense rainfalls. No stormwater detention ponds are located in the Gervais catchment
and only 4,405 m3 of total depression storage, or 828 m3 after shallow depressions were
removed from the analysis. The MCW soils are very sandy and mapped as 40% Sand,
58% Loamy Sand, and 2% Loam. As expected in the Carolina Sandhills, soils in these
catchments are sandy and highly permeable unless covered with impermeable materials
by urban development.
4.5.2.

Rainfall and stormflow depths
Both total and stormflow runoff depths for a range of precipitation events are

much greater for the urban Gervais and Pickens basins than for the forested MCW. This
is in spite of greater average rainfall depths for the 10 observed storms in the MCW than
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for the 11 storms in the Pickens basin and the 7 smaller storms in the Gervais basin.
Total runoff depths in the urban catchments were an order of magnitude greater than total
runoff depths in MCW. The relationship between rainfall depths and resultant runoff
depths can be described by linear trends (Figure 4.4). Although log-log relationships are
often used in this context, the linear functions provide strong relationships within the
range of observations. Slopes of the linear trend lines represent the rate of increase in
runoff depth with precipitation. Slopes of linear rainfall-runoff trend lines are similar for
the two urban catchments but the MCW trend line is much less steep. In fact, the ratio of
trend-line slopes for total flow at Pickens and MCW is 9.60, and the ratio for total flow
between Gervais and MCW is 14.65. Similarly, ratios of trend-line slopes for storm
runoff depths (total runoff minus baseflow) were more than an order of magnitude greater
than for storms in MCW (Figure 4.4). The ratios of Pickens to MCW and Gervais to
MCW storm-flow trend-line slopes are 11.79 and 18.25, respectively. These trends
indicate that the urban catchments consistently produce more than an order of magnitude
more runoff per unit rainfall than the forested MCW over a range of moderate-intensity
precipitation events. Mean storm runoff depths were 0.59 mm for MCW, 2.38 mm for
Pickens, and 1.29 mm for Gervais. Apparently, the effects of PIA are proportionally
great under conditions of permeable, sandy soils and hilly terrain, where pavement and
buildings cause the greatest reductions in infiltration. These findings support Hypothesis
1 that urban runoff, standardized for rainfall and drainage area, is greater than forested
runoff.
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Figure 4.4 Total flow and stormflow depths at Gervais, Pickens, and MCW
Substantially greater flows resulted at the Pickens gauge for a given rainfall depth than at
the MCW gauge.

Ratios of stormflow to total flow volumes were computed to compare the
proportion of rapid runoff between the three catchments (Figure 4.5). On average,
stormflow in MCW was 61.7% of the total flow compared to 85.3% for Pickens and
87.3% for Gervais, indicating that urbanization has increased the proportion of stormflow
in RBW by ~25% of the total flow. Conversely, the proportion of baseflow decreased
threefold from 38.3% in MCW to only ~14% for RBW. This decrease in baseflow has
grave implications to the impacts of intense urbanization on aquatic ecosystems in the
Sandhills that rely on sustained low flows during dry periods.
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Figure 4.5 Ratios of stormflow to total flow volumes for storm events at Gervais,
Pickens, and MCW

The average, event-based total runoff coefficients for stormflows at MCW,
Pickens, and Gervais were 0.03±0.01, 0.36±0.04, and 0.49±0.09, respectively, indicating
that a much higher proportion of rainfall leaves both of the urban catchments as runoff
during storms. Differences in runoff coefficients between Pickens and MCW and
between Gervais and MCW for both total runoff and storm runoff were highly significant
(p < 0.0001) (Table 4.3). In contrast, runoff coefficients for total flows and stormflows
were not significantly different (p > 0.01) between the two urban catchments. The longterm RC at MCW was 0.08 from January to mid- September, 1998 (Atkins et al., 1999).
The mean annual RC at Pickens from July 2016 to June 2017 was 0.49, which was more
similar to the RC (0.54) in high-relief basins in the Blue Ridge Mountains than to the RC
(0.37) in lower-relief basins of the middle Georgia Piedmont in a highly urbanized
catchment in Atlanta and three non-urban catchments (Rose and Peters, 2001). The
difference in long-term RCs (0.41) between MCW and Pickens is similar to the mean
annual RC increase from 0.35 to 0.70 from 1962 to 1995 in an urbanizing catchment in
Charlotte, North Carolina (Smith et al., 2002). The increased RCs support Hypothesis 1
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that urban runoff, standardized for rainfall and drainage area, is greater than forested
runoff.
Table 4.3 Mean hydrograph shape metrics for dimensionless unit hydrographs and runoff
coefficients
Significance of differences between catchments are based on Wilcoxon rank-sum tests of
differences. Only small-to-moderate-magnitude stormflows (0.080 m3/s < Qpeak < 0.418
m3/s) were included in the Gervais analyses.
Means ± standard errors
MCW
Pickens
Gervais
p-values for differences
MCW & Pickens
MCW & Gervais
Gervais & Pickens

Skewness

Kurtosis

Total RC

Storm RC

1.61 ± 0.18
2.24 ± 0.31
1.61 ± 0.19

7.53 ± 0.96
22.67 ± 5.48
7.18 ± 0.94

0.03 ± 0.01
0.36 ± 0.04
0.49 ± 0.09

0.02 ± 0.01
0.31 ± 0.04
0.41 ± 0.06

0.1517
1.0000
0.1509

0.0021*
0.9623
0.0059*

<0.0001**
<0.0001**
0.1259

<0.0001**
<0.0001**
0.1259

*significant at 0.01; **significant at 0.0001
Peak instantaneous within-channel flows based on total flows (including
baseflow) during storms at Pickens were strongly correlated with storm precipitation
totals with a linear trend (R2=0.753) (Figure 4.6). The slope of the linear trend line for
peak discharge at Pickens is 51.4 times the slope of the MCW trend line. The MCW
peak discharge is correlated with precipitation (R2=0.704) and the smallest instantaneous
peak flow at Pickens (2.36 m3/s) is 2.7 times larger than the largest peak flow at MCW
(0.86 m3/s) during this period. The much steeper trend line for the Pickens peak
discharges indicates that—for a given precipitation total within the range of precipitation
values observed—instantaneous discharges of flood peaks were on average 51.4 times
larger than in the forested catchment. This is in spite of the urban catchment being
slightly smaller in area and lower in local relief. A t-test of differences between the two
regression slopes was highly significant (p = 0.002). This finding supports Hypothesis 2
that urban peak discharges, standardized for rainfall, are greater than forested peak
discharge rates. To compare the peak discharge rates for comparable precipitation

68

events, three and four precipitation events with rainfall from 10 mm to 19 mm were
selected for Pickens and MCW, respectively. The mean ratios of peak discharges to
precipitation for the two watersheds are 0.51 and 0.02, respectively. This supports the
interpretation that peak discharge at Pickens is on the order of 25 times the peak
discharge of the MCW for rainfall events between 10 mm and 19 mm.

Figure 4.6 Peak discharges at the forested MCW and the urban Pickens gauges

4.5.3.

Stormwater storage, timing of peak discharge, and hydrograph shapes

4.5.3.1. Backwater at road crossings
The RBW has numerous bridges with undersized culverts that can retard flood
waves during large events. During a high flow at the Gervais gauge, flow velocity
measurements captured the local effects of backwater behind a bridge ~ 50 m
downstream. The flow stage rose from 1.23 m to 1.50 m in one minute and velocity soon
dropped from 103 cm/s to 75 cm/s as stages rose (Figure 4.7). The sequence of velocities
during the backwater event demonstrate a counter-clockwise hysteretic relationship
between flow velocity and stage when backwater occurs (Figure 4.7). Stages remained
high for approximately 20 minutes after mean velocity dropped below 40 cm/s, indicating
substantial stormwater storage. Such non-linearities prevent the use of conventional
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stage-discharge rating curves and illustrate the potential for flood storage in urban areas
with abundant depression storage behind bridges. In this case, there was no apparent
debris damming at the downstream bridge but the culvert was undersized and lacked the
capacity to convey the flow. In essence, the channel acts as a long, linear retention
storage structure during high-water events.

Figure 4.7 Backwater effects from a bridge downstream of the Gervais gauge
(A) Flow stage suddenly rose 0.27 m from 1.23 m to 1.50 m between 18:45 and 18:46
(blue circles) and soon after flow velocity (red diamonds) decreased from >100 cm/s to
<80 cm/s. (B) A sequential plot of stage against mean flow velocity reveals counterclockwise hysteresis resulting from the backwater, which began between points 6 & 7.
4.5.3.2. Time to peak and hydrograph shapes
Time-to-peak of stage hydrographs at the Pickens and Gervais gauges (TpP &
TpG) were significantly correlated with rainfall duration (Rd). These regressions
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explained 93% and 88% (R2) of the variance in Tp at Pickens (TpP = 0.842 Rd + 16.176)
and Gervais (TpG = 0.766 Rd + 6.769), respectively. As expected, these relationships
indicate that the timing of discharge peaks is a function of storm duration and basin scale.
Time to peak was not computed for MCW due to 15-minute time intervals of the MCW
data. Hypothesis 3A & B, that urbanization causes storm hydrographs to be more rightskewed and sharp-peaked, was tested visually using average dimensionless unit
hydrographs (DUHs) and quantitatively using skewness and kurtosis values of the
individual DUHs. The use of DUHs allows comparisons of hydrograph shapes between
different-sized catchments, rainfall events, and peak discharges. The individual DUHs
for all three catchments show substantial variation in hydrograph shape between events
for both the rising and receding limbs at the MCW and Pickens gauges but little variation
at the Gervais gauge (Figure 4.8). The lack of variation and relatively broad shape of
DUHs at Gervais could reflect the data being limited to small storm flows (Figure 4.8C).
The MCW model hydrograph (mean DUH) has broader rising and receding limbs than
the urban catchments (Figure 4.8D), which indicates that stormflows rose and fell more
gradually in the forested catchment. The higher rising limb at this site reflects the
occasional rapid delivery of runoff from a nearby dirt road, as was observed in the field
(Wheeler 2000). Combined, the higher rising and falling limbs of the MCW model
hydrograph result in a flatter, less-peaked hydrograph than the urban hydrographs, as
hypothesized (H3). In accordance with hypothesized outcomes, the Pickens model
hydrograph is much more peaked with rapid rising and receding limbs than the MCW
hydrograph (Figure 4.8D). In contrast with expectations, the shape of the model
hydrograph for the small, highly urbanized Gervais basin is intermediate between
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hydrographs at the forested MCW and the Pickens catchments. This may reflect the lack
of large flows in the Gervais data.

Figure 4.8 Dimensionless unit hydrographs for MCW (A), Pickens (B), Gervais (C), and
model hydrographs constructed from the averages (D).
Skewness and kurtosis values of the individual DUHs provide a quantitative
metric of hydrograph shapes and allow testing of hypothesis three that urbanization leads
to increased storm hydrograph skewness and kurtosis. The DUHs for all three
catchments were positively skewed as usual. Mill Creek DUHs—based on 15-minute
observations—had skewness values ranging between 1 and 2.6 with an average of 1.61
(Figure 4.9). Skewness and kurtosis values for Pickens were based on 5-minute data.
Pickens DUHs were highly right-skewed for most rainfall events with skewness values
averaging 2.24 ± 0.31.
Differences in skewness and kurtosis values between pairs of gauges were tested
for significance (p < 0.01) using Wilcoxon rank-sum tests (Table 3). These tests
demonstrate that differences in kurtosis values of hydrographs between Pickens and
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MCW and between Pickens and Gervais were significant (p < 0.01). Conversely,
kurtosis values of hydrographs were not significantly (p > 0.01) different between
Gervais and MCW. Skewness values of hydrographs were not significantly (p > 0.01)
different between any of the three pairs of gauges. This analysis corroborates the
qualitative visual interpretation of model hydrographs; the urban Pickens stormwater
hydrographs are significantly more leptokurtic (peaked) than the forested MCW
hydrographs. On the other hand, shapes of hydrographs for the smaller and highly
urbanized Gervais catchment were not significantly different (p > 0.01) than skewness
and kurtosis values for the forested MCW. Discharges for peak flow stages greater than
0.418 m could not be computed at the Gervais gauge due to limited range of rating curve
and backwater effects. This limited flows to relatively small discharge events for the
shape analysis.

Figure 4.9 Hydrograph shape metrics for urban Pickens and forested MCW gauges
(A) Skewness and (B) kurtosis.
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4.5.4.

Discussion
Increased runoff volumes and peaks and changes in hydrograph shapes in

response to urbanization are common, well-known phenomena, but the magnitude of
changes in the RBW are noteworthy. During the periods of observation, both of the
RBW catchments had substantially larger stormwater runoff depth responses to rainfall
than MCW. Stormflow depths in the two urban catchments were both approximately
86% of the total flow compared to 62% of the total flow in the forested MCW,
presumably representing high infiltration rates in MCW. Conversely, baseflows in the
urban catchments were only 14% of the total flow compared to 38% in the forested
catchment, which suggests severe issues in urban areas with water quality and aquatic
ecosystem viability during droughts. When total and stormflow depths are expressed as
linear functions of rainfall depth, ratios of the slopes of the functions for Pickens and
MCW indicate 10-fold and 12-fold increases, respectively, in total and stormflow runoff
depths over a range of rainfalls. These results clearly support the first hypothesis that
runoff in the urban catchment is greater than in the forested catchment.
Urban land-use changes are clearly associated with large increases in flood risks
in the Sandhills environment. Similar to the runoff analysis, ratios of the slopes of trend
lines for peak discharge as a function of precipitation (Figure 4.6) indicate that peak
volumetric flow rates for a given rainfall in RBW at Pickens were 51 times larger than in
the forested MCW. Mean ratios of peak discharge to precipitation for the two watersheds
indicate that peak discharges at Pickens are approximately 25 times the peak discharge of
the MCW for rainfall events between 10 mm and 19 mm. This hydrologic disturbance
index (HDI) is much larger than other values reported in the literature that are based on
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different methods. For example, based on statistical models of two-year flood events,
Moglen et al. (2004) reported HDIs for individual floods that were three to four times
larger in small urban catchments than similar rural catchments. Statistical modeling of
flood risks in the Upper Coastal Plain of South Carolina—based on observed urban
floods—found that urban two-year instantaneous peak discharges had increased over
comparable rural two-year discharges by a multiple of 13.5; i.e., ratios of urban-to-rural
two-year discharges (HDI_Q2) were 13.5 (Bohman, 1992). Moreover, Bohman (1992)
demonstrated lower multiples for larger floods and predicted larger multiples for smaller
stormflows. This study corroborates Bohman’s findings by confirming that smaller,
frequently occurring storm flows have larger multiples than the two- to five-hundred-year
events that he studied. This supports the second hypothesis that urban peak discharges—
standardized for rainfall—increased substantially in the RBW. Apparently, the highly
permeable, sandy soils and hilly topography of the Carolina Sandhills exaggerate the
influence of urbanization on runoff. Conversion of forested surfaces in the Sandhills to
buildings and pavement generates a larger increase in runoff than would occur with
similar urbanization on less permeable surfaces in the Piedmont or less hilly surfaces in
the lower Coastal Plain.
Urban infrastructure, such as bridges, can impose substantial changes to
stormwater conveyance. Backwater effects above bridges are ubiquitous in intensely
urbanized catchments due to frequent road crossings and bridges with culverts that are
inadequate to convey large floods. To some extent, increased storage behind bridges can
compensate for decreased time to peak by retarding the delivery of stormwater. This
study did not systematically examine changes to conveyance but documented an example
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of backwater at a gauge site and large volumes of potential depression storage at the
catchment scale. Surprisingly, the volume of depressions deeper than 10 cm was greatest
in the forested MCW and least in the highly urbanized Gervais basin. The potential for
backwater storage to retard flows can offset the effects of impermeable surfaces and
storm sewers that accelerate stormwater delivery. Interactions between depression
storage, PIA, and SS conveyance are complex and may explain some of the complexities
in the observed hydrographs, but the results of this study suggest that depression storage
was secondary to PIA and storm sewer densities in the study catchments.
Hydrographs integrate the effects of land-use and channel changes throughout the
catchments. As expected, the shapes of urban Pickens dimensionless unit hydrographs
(DUH) were significantly more leptokurtic than the forested MCW hydrographs, but
shapes of the Pickens DUHs were not significantly more right-skewed. These differences
corroborate the visual evidence shown by the DUH plots (Figure 4.8) and support
hypothesis 3B that urban hydrographs are more leptokurtic but not hypothesis 3A that
urban hydrographs are more right-skewed than their forested counterparts. It presumably
indicates a shorter lag-to-peak for the Pickens catchment, although this could not be
tested with the 15-minute MCW data. The lack of significant difference between the
shapes of Gervais and MCW hydrographs skewness and kurtosis are highly sensitive to
extended rainfall durations, so a few extreme values in the hydrographs or late rainfall
bursts, can greatly effect results. Changes in hydrograph shapes due to urbanization are
commonly noted in scientific reports. The quantification provided here indicates that the
general concept may be accurate, but that there is substantial variation in shapes between
gauge sites and storms.
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4.6

Conclusions
Much research on urban stormwater generation and conveyance in small

watersheds remains to be done, and empirical knowledge of the specific conditions most
sensitive to urbanization is in great need. This study contrasts hydrologic regimes in a
forested catchment with two urban catchments that have similar physiographic features,
but extreme increases in imperviousness and storm-sewer conveyance. Assuming that
MCW represents an accurate surrogate for pre-urban catchment conditions, the
hydrological differences can be interpreted as results of anthropogenic changes to the
urban catchment. The extreme nature of unmitigated urban hydrologic changes in the
two Rocky Branch urban catchments are demonstrated with spatial data, and the
increases in stormflows—demonstrated with hydrological field data—include greatly
increased runoff depths and peak discharges and changes in hydrograph shapes. These
responses to urbanization corroborate long-held notions of urban stormwater responses,
but demonstrate extremely large values of those changes. Moderate-magnitude storms
are significantly larger—more than an order of magnitude increase in runoff depths and
peak discharges—for the urban compared to the forested catchment. Metrics expressing
shapes and timing of storm hydrographs are also distinct between Pickens and the
forested MCW. We propose that the moderately high hill-slope gradients and highly
permeable sandy soils of the Sandhills physiographic region maximize the effects of
impervious surfaces on stormwater runoff. Collectively, the degree and variety of
hydrologic changes observed in the urban RBW basins reveal a dramatic shift in
hydrologic responses to anthropogenic alterations, which may represent one of the most
pervasive aspects of the Anthropocene. The large increases in runoff and discharge
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demonstrated by this study suggest that urbanization is a critical cause of growing flood
risks in developed areas, irrespective of potential future changes in precipitation intensity
that may be caused by climate change. More research is needed to compare the effects of
land-use and climate changes on stormflow.
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Chapter 5: Impacts of Land-use and Climate Change on Stormflow in Two
Nested Catchments1

________________________________________________________________________
1

Hung, C.-L. J., L. A. James, J. M. Williams, and G. J. Carbone. To be submitted to the
Journal of Hydrology.
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5.1 Abstract
Climate and land-use change affect hydrologic systems in a complex manner.
This study compares the impacts of projected land-use and climate change on urban
stormflow in two small highly urbanized catchments of the upper Rocky Branch
Watershed (RBW) in Columbia, South Carolina, USA, based on the U.S. Environmental
Protection Agency (EPA)’s Storm Water Management Model (SWMM). The effects of
land-use change scenarios with differing imperviousness on runoff for moderatemagnitude storm events are contrasted with the effects of climate change scenarios.
Three land-use change scenarios, based on U.S. EPA’s Integrated Climate and Land Use
Scenarios (ICLUS) and three climate-change scenarios, based on the World Climate
Research Programme's (WCRP's) Coupled Model Intercomparison Project phase 3
(CMIP3) altered climate regimes (Hot/Dry, Median change, and Warm/Wet conditions)
are applied to near-term (2035) and far-term (2060) periods for both peak discharge and
storm event runoff volumes at a headwater and a downstream stream-gauge site.
Changes in flow events simulated by climate-change scenarios were much greater than
with land-use change and were highly seasonal. The maximum increase occurred under
the combination of a warm/wet climate and two land-use scenarios (A2, A1) for the 2035
and 2060 scenarios. At the headwater and downstream gauges, the warm/wet scenario
caused larger increases than land-use changes in peak discharges and total event runoff
volumes from late spring to early fall for both 2035 and 2060. The maximum monthly
increase from all simulations of climate change was for the warm/wet climate scenario in
both catchments. However, the combined climate and land-use change scenario produced
a greater increase than the sum of changes from the individual scenarios.
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modelling; stormwater runoff; urban flood hydrology; US EPA SWMM
5.2 Introduction
Urban flooding causes economic losses and serious public health consequences
due to direct mortality, post-flood disease outbreaks, drinking water contamination, and
destruction of infrastructure. Flash flooding was the leading cause of death by natural
disasters in the USA in 2015 (NOAA 2016), and urbanization often increases flash
flooding considerably (O’Driscoll et al. 2010). Research on urban flood hydrology in
small watersheds is urgently needed in response to rapid urban growth, increased flash
flooding, and high precipitation variability. Urban stormflow modelling can quantify
increases in flood risks caused by land-use and climate changes and provide information
about rates and magnitudes of urban flooding that influence water quality and
ecosystems. The complex interrelationship between land-use and climate change make it
difficult to separate the effects of these controls, but model simulations help to identify
relative contributions of land-use and climate changes to stormwater variations
(Willuweit, O'Sullivan, and Shahumyan 2016; Alamdari et al. 2017; Zambrano, PachecoMunoz, and Fernandez 2017).
5.2.1. Hydrologic effects of climate change
Stormwater generation in urban watersheds is affected by climate and land-use
changes through fundamental changes in precipitation intensities and urbanization.
Climate warming is theoretically linked to increased precipitation intensities by
increasing the saturation vapor pressure, evapotranspiration rates, humidity, and
atmospheric instability, which fuels convective precipitation (Trenberth 1999). Changes

81

in extreme precipitation events at the global scale have been more spatially
heterogeneous than temperature changes (Kundzewicz et al. 2014; Seneviratne et al.
2012; Zhang et al. 2007), because extreme precipitation events are highly variable in time
and space (Kunkel et al. 2008). Increases in monthly precipitation averages between
1925 and 1999 were detected in mid-latitudes of the northern hemisphere (Zhang et al.
2007) and the observational record demonstrates clear increases in the frequency and
intensity of heavy precipitation in the United States (Kunkel et al. 2008).
Climate change is often associated with increased variability in runoff and the
proportion of precipitation that occurs in extreme events. Unfortunately, relatively few
studies link climate change to urban flash floods (Seneviratne et al. 2012), and even
fewer disaggregate the effects of urban land use from climate change. Climate-change
impact studies in urban storm modeling commonly fall into one of two categories: (1)
synthetic scenarios that alter historical average temperatures and precipitation by fixed
amounts, and (2) downscaled GCM-based projections of temperature and precipitation
responses to predicted (often by Intergovernmental Panel on Climate Change, IPCC)
greenhouse gas increases (Praskievicz and Chang 2009). It is challenging to create
accurate scenarios of climate change (Carbone 2014), although some convenient tools,
such as SWMM-CAT described later, provide downscaled GCM projections for impact
assessment.
5.2.2. Hydrologic effects of land-use change
Previous studies of the hydrological impacts of land-use change have recognized
that governing factors include spatial scale, imperviousnes, and the spatial distribution of
imperviousnes (Mejía and Moglen 2010; Holland et al. 2004). A Dynamic Urban Water
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Simulation Model applied to a larger watershed including most of Dublin, Ireland
showed that urban growth could cause monthly runoff to increase by 30% in winter and
annual runoff to increase by up to 15% (Willuweit, O'Sullivan, and Shahumyan 2016).
Catchment size affects hydrological sensitivity to urban development (impervious surface
area) especially for small catchments (Praskievicz and Chang 2009). No consistent
conclusion emerges from a review of studies that compare the effects on flooding of
climate change and urban development for different size catchments. For small
catchments (< 1000 km²), Thodsen (2007) showed an 11% increase in the 100-year flood
peak in Danish rivers as an impact of climate change on hydrology.
Urbanization generally occurs at local scales, so the effects of these changes tend
to be obscured by averaging over broader spatial scales. Stormwater control measures
can store and delay urban runoff to mitigate peak flows in a small urban headwater
stream catchment (Jefferson et al. 2015) but are less effective for larger catchments.
Thus, stormwater management requires local-scale climate information that is difficult to
derive from regional models. This study examines hypotheses concerning land-use and
climate changes and the scales at which they operate in order to better understand the
hydrologic processes operating in small urban watersheds.
The effects of urbanization on flooding are the result of combinations of
imperviousness and storm sewer densities (Leopold 1968; Meierdiercks et al. 2010;
Miller and Hess 2017). Changes in imperviousness affect flood peaks for moderate to
large storms primarily by increasing runoff volumes, whereas storm sewers increase
flood peaks for moderate magnitude events by accelerating conveyance of moderate
events that do not overwhelm the flow capacity of the storm sewer system (Ogden et al.
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2011). Due to the limited effect of storm sewer systems on runoff from extreme events,
the land-use change elements of this study are focused on percent impervious surface
areas (PIA).
5.2.3. Comparing and modeling hydrologic effects for climate and land-use changes
Hydrological impact analysis and simulation modelling can improve
understanding of the impacts of urban development and anthropogenic climate change on
water quantity in geographically different areas at various scales (Praskievicz and Chang
2009). Several research questions remain unanswered in this field, including the
interactive effects of climate change and urban development on hydrology (Praskievicz
and Chang 2009). The degree to which changes in precipitation intensity and land use
translate into changes in runoff and flood risks is difficult to demonstrate statistically.
Based on a broad regional study of the North American east coast, Yang et al. (2015)
concluded that the significance of land-use change impacts increased relative to climatechange impacts when considered at local and catchment scales rather than at larger
spatial scale. Additionally, Blöschl et al. (2007) hypothesized that land-use change has a
larger impact than climate variability on hydrological response at smaller scales. More
specifically, based on modeling results, land-use change has a greater local impact on
increasing flood risks than climate change (Zambrano, Pacheco-Munoz, and Fernandez
2017).
To simulate impacts of land-use and climate changes on runoff in a German basin,
Samaniego and Bárdossy (2006) developed non-linear mathematical models, linked to a
stochastic land-use change model, and predicted an increase in winter runoff of 17–44%
by 2025 using worst-case climate change and land-use scenarios.
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As climate change and urban development progress into the twenty-first century,
accurate projections of the impacts on water resources will be increasingly important
(Praskievicz and Chang 2009). Hydrological modelling is essential for simulating the
hydrological conditions of a catchment and generating these projections. Models can be
used to test scenarios for policy making and sustainable water resources development.
Historically, rainfall-runoff models were built with ‘lumped’ parameters; i.e., input
variables were averaged over space (Jakeman, Littlewood, and Whitehead 1990).
Conversely, in spatially distributed models, inputs characterize environmental conditions
and processes at a specific location. Distributed models are complex and this complexity
has been criticized as unjustified where data are insufficient to fully parameterize the
model in space (Beven 1989). On the other hand, modeling of complex systems and
processes in which flow pathways are important, such as runoff generation in catchments,
can greatly benefit from distributed modeling techniques (Fatichi et al. 2016). A
common compromise is to construct semi-distributed (i.e. linked-lumped) models in
which parameters are averaged over small sub-basins and linked by various hydraulic
conveyance functions to simulate channel and pipe flow and storage. This study uses a
semi-distributed model to simulate stormflow under land-use and climate changes.
Many studies have used the Storm Water Management Model (SWMM) for
modeling land-use changes in urban catchments (Mitsova 2014). Guan, Sillanpää, and
Koivusalo (2015) simulated the effects of land-use change, urban development—
especially increased imperviousness, and stormwater management practices on peak
flows. They found that urbanization; i.e., the creation of residential neighborhoods in
southern Finland, increased peak flows by an order of magnitude. Habete and Ferreira
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(2016) used SWMM to simulate the impacts of future urbanization on peak discharges
over the lifetime of typical engineering projects. They found that with a projected
increase in imperviousness of 99%, the simulated magnitude of the two-year flood would
increase by 108%. Abdul-Aziz and Al-Amin (2016) simulated stormwater and pollutant
loadings from both land-use and climate change in a coastal catchment of Florida. They
found strong dependence on seasonality and moderate dependence on land-cover such as
imperviousness and roughness. The SWMM model has been found to be highly sensitive
to imperviousness and impervious depression storage (Tsihrintzis and Hamid 1998;
Barco, Wong, and Stenstrom 2008). Studies differ on the sensitivity of SWMM to
Manning’s roughness values of surface runoff and culverts (Barco, Wong, and Stenstrom
2008; Tsihrintzis and Hamid 1998).
SWMM models have often been applied to studies of the impacts of climate
change on hydrological response in urban catchments (Denault, Millar, and Lence 2006;
Karamouz and Nazif 2013; Wu et al. 2013; Jung et al. 2015; Zahmatkesh et al. 2015;
Price et al. 2016). Simulations of climate change did not cause severe impacts on the
current drainage infrastructure in the Mission/Wagg Creek catchment in British
Columbia, Canada, but equivalent levels of imperviousness damaged stream health
(Denault, Millar, and Lence 2006). Price et al. (2016) used SWMM with Community
Atmospheric Model linked with the Integrated Global Systems Model (IGSM-CAM),
which assumes a 3°C climate sensitivity based on the “most likely sensitivity” reported in
the IPCC’s Fourth Assessment Report (IPCC 2007). None of these five studies used
SWMM-CAT.
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Few modeling studies fully assess and compare the impacts of both climate
change and urbanization on flooding for extremely small, urban catchments. This
research uses SWMM hydrological simulation techniques for the upper RBW (URBW),
an extremely small (5.4 km²), highly urbanized (50.5% impervious) catchment with an
even smaller nested catchment (0.3 km2), in order to understand how climate change and
urbanization affect stormwater, both individually and in tandem.
5.2.4. Research hypotheses for hydrological analyses
The relative impacts of land-use change and climate change on storm-flow
hydrology are compared using a new application of SWMM with SWMM-CAT to
simulate stormwater peak stage at an urban headwater catchment and stormwater peak
discharge at a larger downstream catchment. It was hypothesized that (1) urbanization
will generate a greater impact on peak flows than climate change in the smaller, most
urbanized, second-order, headwater-stream catchment, and (2) climate change will
generate a greater impact on peak flows than urbanization in a larger fourth-order stream
catchment.
5.3 Methodology
This study uses a SWMM model to simulate stormflow under scenarios of climate
and land-use change in two nested urban watersheds.
5.3.1 Study area
Rocky Branch Watershed (RBW) is a small densely urbanized basin that includes
most of the campus of the University of South Carolina and the Five Points commercial
district nearby in Columbia, South Carolina, USA. The drainage area of RBW is 10.8
km2 at its confluence with the Congaree River but the upper RBW (URBW) studied here
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is only 5.4 km2. Seasonal and annual precipitation showed increasing trends from 1901
to 2010 in Columbia, South Carolina, USA. Average precipitation totals increased 36
mm in spring, 16 mm in summer, 77 mm in fall, 54 mm in winter, and 183 mm annually
over the period (Mizzell, Malsick, and Abramyan 2014). Based on a statistical analysis
of flood magnitudes in the southeastern USA, basin changes from an undeveloped
condition to 50 percent impervious cover resulted in the 2-year flood increasing by a
factor of 3.8 (Putnam 1972).
Rocky Branch Creek (RBC) experiences serious repetitive flooding that has
caused extensive damages and threatens public safety. This study focuses on stream
flows for two catchments, including the URBW with an outlet at the Above Pickens
gauge site (‘Pickens’), and its tributary catchment with an outlet at the Above Gervais
gauge site (‘Gervais’) (Figure 5.1). The 4th-order stream at Pickens drains a catchment
5.4 km2 in area and the 2nd-order stream at the Gervais gauge drains a subcatchment 0.30
km2 in area. The Pickens catchment is 54% impervious by area, and the Gervais
catchment is 72% impervious based on GIS analyses (Sexton 2014; Wooten 2008; Hung,
James, and Hodgson 2018). These high values of imperviousness drive the serious flashflooding hazard throughout the catchment.

Figure 5.1 A nested catchment (Gervais) in the Upper Rocky Branch Watershed
(Pickens) in Columbia, SC, USA.
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5.3.2 Urban runoff model
The U.S. Environmental Protection Agency (EPA) SWMM 5 (version 5.1.012)
model was used to simulate flow response to changes in impervious surfaces and changes
in climate. An initial SWMM model developed for the RBW at Pickens using stage data
was adapted, re-calibrated, and validated using five-minute acoustic Doppler current
profiling (ADCP) discharge data at Pickens and one- to two-minute stage data at Gervais.
The SWMM model was calibrated and validated using Nash-Sutcliffe Efficiency (NSE).
Both calibration and validation NSE values were all > 0.71. Peak discharge and total
event runoff volume calibrations and validations were performed on the most important
portions of storm hydrographs based on time-to-peak (Tp). Specifically, the time period
evaluated ranged from the beginning of stormflow (time zero) up to three times time-topeak (0 < T/Tp < 3) for Gervais or up to 5.4 times time-to-peak (0 < T/Tp < 5.4) for
Pickens. This method ignores the end of long recession tails, which increases NSE
values because base flows in the long tails that have relatively small errors are excluded.
This method, however, emphasizes the stormwater component of hydrographs and
encourages models that perform well in that portion of the flow regime. A similar
rationale for model assessment was noted by Brakensiek (1967).
A design storm event was applied to the validated SWMM model under a set of
land-use and climate-change scenarios. The design storm event, a 35-min, 14 mm
rainfall (precipitation intensity of 8 mm/20 min) at HQ rain gauge and a 40-min, 19.3 mm
rainfall (precipitation intensity of 9.7 mm/20 min) at Pickens rain gauge, resulted in a
peak stage of 0.802 m at Gervais and a peak discharge of 9.97 m3/s at Pickens on May
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29th, 2017. This is a moderately large stormflow, but not rare and within the channel
banks. According to a flow duration curve constructed from one year of uninterrupted 5min discharge data between July 1, 2016 and June 30, 2017, the exceedance probability
of a discharge of 9.97 m3/s at Pickens is 0.131% of five-minute periods during the year.
Based on one year of data, this indicates that five-minute periods with a discharge as
large as or larger than 9.97 m3/s occur at Pickens on average for a cumulative sum of 11.5
hours per year. The design storm was applied for each month as a 12-month base case
(BC).
5.3.3 Land-use and climate change scenarios
The SWMM-CAT provides location-specific, climate-change adjustments based
on CMIP3 models that were used for the IPCC’s (2007) Fourth Assessment Report.
CMIP5 models are being developed for IPCC’s Fifth Assessment Report (IPCC 2014),
but they were not embedded in SWMM in time for use in this study. The two climatechange models are comparable for the southeastern USA, so CMIP3 remains relevant
(Bastola 2013; Misra 2013).
The U.S. Environmental Protection Agency (EPA) Integrated Climate and LandUse Scenarios (ICLUS) provide national coverage of impervious surface scenarios at 1×1
km resolution from 2010 to 2100, as a function of land cover, existing patterns of spatial
development, population, and main social, economic, and demographic storylines based
on the IPCC’s Special Report on Emissions Scenarios (SRES) (Bierwagen et al. 2010;
U.S. EPA 2009). Some studies (Jantz et al. 2010; Bhaskar et al. 2016) of urban land-use
change use the SLEUTH Projected Urban Growth (Clarke, Hoppen, and Gaydos 1997).
Urban-land-use scenarios for RBW can’t be generated from the SLEUTH model,
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however, due to its current high urbanization rate. Thus, ICLUS data were used to
predict the change of imperviousness in RBW.
Simulations are divided into land-use and climate-change components with each
examining increases in stormwater magnitudes. Land-use change scenarios are based on
percent impervious surface areas (PIA) derived from 2007 aerial imagery (Wooten 2008)
updated in 2014 (Sexton, 2014) and revised in 2018 (Hung, James, and Hodgson 2018)
and projected into the future based on the U.S. Environmental Protection Agency’s
Integrated Climate and Land-Use Scenarios (ICLUS) data considering IPCC Special
Report on Emissions Scenarios (SRES) scenarios for projected changes in percent
impervious areas from 2010 for the years 2035 and 2060 (Bierwagen et al. 2010). Table
5.1 provides the projections of the increase of percent impervious surface area for the
three ICLUS data sets (A1, A2, and B1) at the two catchments from 2010 to 2035 (near
term), and from 2010 to 2060 (far term). The A2 high emission and high population
fertility scenario results in the most altered catchment landscape of the upper RBW, the
A1 high emission but low fertility scenario results in the medium altered catchment
landscape of the upper RBW, and the B1 low emission scenario results in the least altered
catchment landscape of the upper RBW for both near and long terms.
The SWMM Climate Adjustment Tool (SWMM-CAT) is a module that provides
an interface between SWMM and SWMM's climatology editor (Rossman 2014).
SWMM-CAT contains location-specific climate change adjustments for mean monthly
temperature, evaporation rates, and rainfall that are derived from statistically downscaled
General Circulation Model (GCM) projections from the World Climate Research
Programme Coupled Model Intercomparison Project Phase 3 (CMIP3) archive (Rossman
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2014). CMIP 3 climate change scenarios are embedded in SWMM-CAT (version
1.0.0.0) as an altered climatic regime (Hot/Dry, Median change, and Warm/Wet). For
this study, climate change projections are based on permutations of the SWMM-CAT
module: hot/dry, median change, and warm/wet scenarios for near term (2020-2049)
projections and the same for far term (2045-2074) projections in the watershed (Table
5.2, 5.3, &5.4). These scenarios are selected from a subset of nine GCMs “most
representative of US climate conditions” and driven by an A1B emissions storyline
(Rossman 2014). The hot/dry scenario represents output from the model in the subset
closest to the 95th percentile change for temperature and 5th percentile change for
precipitation. The warm/wet scenario represents output from the model in the subset
closest to the 5th percentile change for temperature and 95th percentile change for
precipitation. As its name implies, the median scenario uses output from the model that is
closest to the subset’s median temperature and precipitation change.
SWMM flow stage output data at the Gervais gauge were converted to discharges
using a rating curve (Appendix D). This study compared the percent change in peak
discharge (Q) and total event runoff volume in two nested catchments for near term
(2035) and far term (2060) using the three climate-change and three land-use change
scenarios.

Table 5.1 Projections of additive percent developed imperviousness increases from 2010
to near term (2035) and far term (2060) based on Integrated Climate and Land Use
Scenarios (ICLUS)
PIA change scenarios
ICLUS A1
ICLUS A2
ICLUS B1

Gervais 2035
4.9
2.8
3.7

Gervais 2060
7.0
7.0
6.9
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Pickens 2035
2.0
2.2
0.0

Pickens 2060
3.3
4.6
3.2

Figure 5.2 The present, 2035, and 2060 PIA values for the two catchments

Table 5.2 The rainfall monthly adjustment multiplier factors of climate change scenarios
for near term (2035) and far term (2060)

Scenarios
Near
Term:
Hot/Dry
Near
Term:
Median
Near
Term:
Warm/Wet
Far Term:
Hot/Dry
Far Term:
Median
Far Term:
Warm/Wet

JAN
0.937

FEB
0.969

MAR
0.988

APR
0.993

MAY
0.876

JUN
0.897

JUL
0.819

AUG
0.866

SEPT
0.89

OCT
1.001

NOV
0.986

DEC
0.937

1.069

1.07

1.058

1.031

0.957

1.002

1.022

1.043

1.125

0.934

0.937

0.968

0.976

0.945

0.966

1.062

1.062

1.092

1.123

1.148

1.178

1

0.947

1.049

0.884

0.943

0.977

0.987

0.773

0.812

0.669

0.755

0.798

1.002

0.975

0.884

1.126

1.128

1.106

1.057

0.922

1.004

1.039

1.078

1.23

0.88

0.885

0.941

0.956

0.899

0.937

1.113

1.113

1.168

1.225

1.271

1.326

1

0.902

1.089

Monthly mean temperatures and evaporation rates in this region for the near and
far terms and for all scenarios are projected to increase for all months (Tables 5.3 and
5.4).
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Table 5.3 The temperature monthly adjustments (+ deg. C) of climate change scenarios
for near term (2035) and far term (2060)
Scenarios
Near
Term:
Hot/Dry
Near
Term:
Median
Near
Term:
Warm/Wet
Far Term:
Hot/Dry
Far Term:
Median
Far Term:
Warm/Wet

JAN
0.93

FEB
1.31

MAR
1.27

APR
1.37

MAY
1.38

JUN
1.37

JUL
1.6

AUG
1.71

SEPT
1.91

OCT
1.32

NOV
1.46

DEC
1.2

0.97

0.65

0.99

1.25

1.41

1.36

1.43

1.7

1.71

1.04

0.92

1.17

0.72

0.73

1.11

0.94

1.06

0.88

0.55

0.67

0.93

1.13

1.11

0.91

1.71

2.39

2.32

2.51

2.52

2.51

2.93

3.13

3.5

2.42

2.67

2.2

1.77

1.19

1.82

2.3

2.58

2.49

2.62

3.11

3.14

1.91

1.69

2.14

1.31

1.34

2.04

1.72

1.94

1.62

1.01

1.23

1.7

2.07

2.03

1.67

Table 5.4 The evaporation monthly adjustments (+ mm/day) of climate change scenarios
for near term (2035) and far term (2060)
Scenarios
Near
Term:
Hot/Dry
Near
Term:
Median
Near
Term:
Warm/Wet
Far Term:
Hot/Dry
Far Term:
Median
Far Term:
Warm/Wet

JAN

FEB

MAR

APR

MAY

JUN

JUL

AUG

SEPT

OCT

NOV

DEC

0.1016

0.1524

0.1778

0.2286

0.2286

0.2286

0.254

0.2032

0.2286

0.127

0.1778

0.1016

0.127

0.0762

0.127

0.2032

0.2286

0.2286

0.2286

0.2032

0.2032

0.0762

0.127

0.127

0.1016

0.1016

0.1524

0.1524

0.1778

0.1524

0.1016

0.0762

0.1016

0.1016

0.127

0.1016

0.1778

0.2794

0.3302

0.4064

0.4064

0.4064

0.4572

0.4064

0.4318

0.2286

0.3048

0.2032

0.1778

0.1524

0.254

0.381

0.4064

0.4064

0.4064

0.4064

0.381

0.1778

0.2032

0.2032

0.1524

0.1778

0.2794

0.2794

0.3048

0.2794

0.1778

0.1524

0.2032

0.2032

0.2286

0.1524

5.4 Results and discussion
This study focuses on the maximum increases in flow parameters from land-usechange and climate-change scenarios to compare the relative impacts between land-use
and climate changes on monthly flow peaks. Runoff or peak discharge increased for all
months over both near- and far-term periods under all land-use change scenarios
simulated by the model. Near- and far-term increases in peak discharge and total event

94

runoff volume at Gervais were greater than those at Pickens for the same land-use change
scenario.
The peak discharge and total event runoff volume for Gervais and Pickens
catchments for each land-use and climate-change scenario were compared with the 12month base-case (BC) values (Figure 5.3). The peak discharge and total event runoff
volume are complementary in that peak flows indicate the instantaneous maximum
volumetric flow rate, whereas total event runoff volume indicates pertain to flood
durations and amounts of detention storage that may be needed for stormwater
management. Percent changes in stormflow—as measured by peak discharge or total
event runoff volumes—increase from the original modeled design event for all of the
land-use scenarios tested (Table 5.5). For the headwater-stream stormflow at Gervais, the
land-use change scenarios resulted in the maximum increases in peak discharge of
15.80% ± 0.021% (A2) for near-term and 26.74% ± 0.025% (A1) for far-term and the
maximum increases in total event runoff volumes of 20.37% ± 0.015% (A2) for nearterm and 36.25% ± 0.021% (A1) for far-term (Table 5.5). The increases suggest that the
land-use change scenario of rapid economic and population growth until mid-century
(A1) will generate the largest increase in stormflow in a small highly urbanized
catchment. Downstream at Pickens, the land-use change scenario resulting in the
maximum increases in peak discharge were 2.51% ± 0.035% (A2) and 2.76% ± 0.040%
(A1) for near and far terms, respectively. The maximum increases in total event runoff
volumes at Pickens for land-use change scenarios were 6.94% ± 0.001% (A2) and 8.02%
± 0.002% (A1) for near- and far-term increases in downstream stormflow, respectively.
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The percent increase in total runoff volumes for the land-use change scenarios, which are
essentially increases in PIA, are much greater than percent increases in peak flow rates.

Figure 5.3 Climate- and land-use change scenarios
The peak discharge and total event runoff volume for Gervais and Pickens catchments
under all of the land-use and climate-change scenarios were compared with the basecase (BC) values
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Table 5.5 The percent changes in stormflow due to land-use change
12-month average ± the standard error of the average and the month of the maximum of
percent change & the maximum percent change in peak discharge and total event runoff
volumes for near term (2035) and far term (2060) under land-use change
PIA
change
scenarios
2035
ICLUS
A1
2035
ICLUS
A2
2035
ICLUS
B1
2060
ICLUS
A1
2060
ICLUS
A2
2060
ICLUS
B1

Gervais Qpk
% change Max. %
change
(month)
11.81 ±
11.92
0.01
(May)

Gervais Q Volume
% change Max. %
change
(month)
14.56 ±
14.65
0.02
(Jan)

Pickens Qpk
%
Max. %
change
change
(month)
1.27 ±
1.389
0.03
(Jul)

Pickens Q Volume
% change Max. %
change
(month)
2.97 ±
2.978
0.003
(Jun)

15.80 ±
0.02

15.88
(Jun &
Jul)
15.88
(May)

20.37 ±
0.02

20.46
(Jan)

2.51 ±
0.04

2.670
(Jul)

6.94 ±
0.001

6.951
(Jul)

20.26 ±
0.02

20.39
(Dec)

2.08 ±
0.03

2.215
(Jul)

5.02 ±
0.004

5.035
(Jun)

26.86
(Jun &
Jul)
18.69
(May)

36.25 ±
0.02

36.37
(Dec)

2.76 ±
0.04

2.941
(Jun)

8.02 ±
0.002

8.028
(Jun)

25.14 ±
0.02

25.27
(Dec)

2.58 ±
0.04

2.745
(Jul)

7.09 ±
0.001

7.094
(Jul)

19.49
(Jun &
Jul)

26.67 ±
0.02

26.77
(Dec)

2.18 ±
0.03

2.326
(Jun)

5.21 ±
0.003

5.227
(Jun)

15.74 ±
0.02
26.74 ±
0.03
18.53 ±
0.02
19.38 ±
0.03

The precipitation, potential evapotranspiration (ET), peak discharge, and total
event runoff volume for the headwater Gervais and downstream Pickens catchments
under all of the climate-change scenarios were compared with the 12-month current basecase (BC) values (Figure 5.4). The percent changes in peak discharge at Gervais and
Pickens were highly variable over 12 months for the climate-change scenarios and much
less variable for the land-use scenarios (Figure. 5.4; Table G.1 in the appendix). Monthly
changes in stormflow simulated by the climate-change scenarios were highly variable and
ranged from highly negative decreases to moderately high increases (Figure 5.4). The
maximum increases in flow parameters simulated under the various climate-change
scenarios were all associated with the warm/wet scenario. Conversely, the hot/dry
scenario produced the largest reductions in peak flows for seven months (January, April-
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September) and flows were reduced for all months except December at both gauges and
both periods (Figure 5.5). Peak discharges at Pickens were reduced by as much as -25%
and -43% in July on the near and far terms, respectively. It is notable, however, that even
the hot/dry climate scenario was associated with increased runoff in December, which
has the only increase in flow parameters among twelve months for this hot/dry scenario.

Figure 5.4 Climate-change scenarios
Precipitation, potential evapotranspiration (ET), peak discharge, and total event runoff
volume for Gervais and Pickens catchments under all of the climate-change scenarios
were compared with the current base-case (BC) values
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Figure 5.5 Percent changes in peak discharge and total event runoff volume at Gervais
and at Pickens for 12 months under three land-use and three climate-change scenarios for
near and far terms

For median and warm/wet scenarios, September produced the maximum increases
in stormflow among the twelve months at both gauges for the near and far terms. At
Gervais, the September warm/wet climate-change scenarios resulted in maximum
increases in peak discharge with 48.7 % and 82.6% and in total event runoff volume with
63.1% and 117.1% for the near and far terms, respectively (Table 5.6). The warm/wet
climate-change scenario resulted in the maximum increases in peak discharge at Pickens
of 6.3% and 11.7% for the near- and far-term volumetric flow rates, respectively. The
September scenario that resulted in the maximum increase in total event runoff volume at
Pickens indicated 14.6% and 25.1% increases for the near and far terms, respectively.
These results demonstrate substantial increases in runoff volumes at Pickens that will

99

greatly exacerbate flood risks and the need for flood-risk management in the City of
Columbia, SC, USA.

Table 5.6 The percent changes in stormflow due to climate change
12-month average ± the standard error of the average and the month of the maximum of
% change & the maximum % change in peak Q and total event runoff volumes for near
term (2035) and far term (2060) under three climate-change scenarios
Climate
change
scenarios
2035
Warm/Wet
2035
Median
2035
Hot/Dry
2060
Warm/Wet
2060
Median
2060
Hot/Dry

Gervais Qpk
% change Max. %
change
(month)
12.25 ±
48.66
6.46
(Sept)
4.59 ±
32.43
4.79
(Sept)
-23.25 ±
4.63
6.42
(Dec)
20.37 ±
82.64
1.49
(Sept)
7.53 ±
57.27
8.77
(Sept)
-36.65 ±
8.580
9.26
(Dec)

Gervais Q Volume
% change Max. %
change
(month)
16.27 ±
63.12
7.83
(Sept)
6.52 ±
38.55
5.40
(Sept)
-23.17 ±
4.83
6.14
(Dec)
29.98 ±
117.13
14.56
(Sept)
11.86 ±
70.81
9.87
(Sept)
-36.30 ±
9.09
8.92
(Dec)

Pickens Qpk
%
Max. %
change
change
(month)
0.93 ±
6.31
1.44
(Sept)
-0.36 ±
4.93
1.38
(Sept)
-9.16 ±
1.32
2.59
(Dec)
0.73 ±
11.66
2.54
(Sept)
-1.48 ±
7.32
2.38
(Sept)
-6.24 ±
2.14
4.47
(Dec)

Pickens Q Volume
% change Max. %
change
(month)
3.61 ±
14.56
2.04
(Sept)
1.14 ±
10.19
1.58
(Sept)
-7.42 ±
1.66
2.13
(Dec)
6.04 ±
25.09
3.59
(Sept)
1.81 ±
17.63
2.81
(Sept)
-13.62 ±
3.03
3.88
(Dec)

Given the strong seasonality of changes from climate-change scenarios and
negligible seasonality of changes from land-use-change scenarios, comparisons between
land-use and climate-change effects should be considered on a monthly basis. Climate
change warm/wet scenarios caused larger increases in peak discharges and total event
runoff volumes at Gervais from May to September and in peak discharges at Pickens
from April to September than land-use changes in the near and far terms. The climate
change warm/wet scenarios caused larger increases in total event runoff volumes at
Pickens from June to September than land-use changes in the near term and larger
increases in total event runoff volumes at Pickens from April to September than land-use
changes in the far term (Figure 5.3). Medium climate-change scenarios cause larger
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increases in peak discharge than land-use changes from January to March in the near and
far terms. However, all three of the land-use-change scenarios cause larger increases in
peak discharge at Gervais than any of the three climate changes from October to
December in the near and far terms. At Pickens , A2 and B1 for near term (A1 and A2
for far term) land-use scenarios in October have relatively larger impacts on flows than
climate change on peak discharge, while climate change warm/wet scenarios cause larger
increases in peak discharge than A1 for near term (B1 for far term) scenarios in October.
In December, climate change warm/wet scenarios cause larger increases in peak
discharge than all the three land-use-change scenarios for near- and far-term projections.
The combination of land-use and climate change compounded increases in peak
discharges and total event runoff volumes at the stream gauges. A warm and wet climate
change and ICLUS A2 and A1 land-use scenarios for the years 2035 and 2060 produced
the maximum combined impacts on flows for the headwater and downstream watersheds.
The simulated September responses to combined climate and land-use change for the
heavily urbanized headwater stream show as much as 66.58% and 117.92% increases in
peak discharges in the near and far terms, respectively, and 92.10% and 173.15%
increases in total event runoff volumes in the near and far terms, respectively. The
simulated September responses to the combined climate and land-use change scenarios at
the downstream site resulted in 7.70% and 12.81% increases in peak discharges in the
near and far terms, respectively and 22.02% and 33.94% increases in total event runoff
volumes in the near and far terms, respectively.
These comparisons of simulated land-use and climate-change impacts on flows
for moderate-magnitude storms at the headwater and downstream catchments, do not
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support the first hypothesis (H1) that urbanization will generate a greater impact on
runoff than climate change in a small, urbanized, second-order, headwater-stream
catchment. Instead, the simulations support an alternative interpretation that warm/wet
climate-change scenarios will generate a greater impact on runoff from late spring to
early fall for both near and far terms than urbanization in a larger fourth-order stream
catchment. This may reflect the fact that much of the RBW is already highly urbanized so
that land-use projections show modest increases in PIA, with a decreasing rate through
time (A1 in Figure 5.2)
5.5 Conclusions
This study evaluates the individual and joint contributions of likely land-use and
climate change to moderate-magnitude, within-bank, flows following storms in the
Rocky Branch Watershed, Columbia, South Carolina, USA for the years 2035 and 2060.
The relative importance of land-use and climate change on future flows is assessed
through two sets of controlled simulations. The first set of land-use-change scenarios
considers six projected changes in percent impervious areas with no climate change.
The second set of climate-change scenarios assumes warm/wet, medium, and hot/dry
climate-change projections, but no change in the percent impervious areas. Responses to
land-use change scenarios did not vary seasonally but A2 and A1 land-use scenarios
produce the greatest increase in total runoff volumes: 20.37% ± 0.015% (A2) for nearterm and 36.25% ± 0.021% (A1) for far-term in headwater flows and 6.94% ± 0.001%
(A2) for near term and 8.02% ± 0.002% (A1) for far term downstream flows. For the
climate-change scenarios seasonality was extremely important and changes in both peak
discharge and runoff volumes shifted from positive to negative in different seasons.
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September warm/wet climate-change scenarios resulted in maximum increases in total
event runoff volumes with 63.1% and 117.1% for near and far terms in headwater-stream
stormflow, respectively. For downstream stormflow, September warm/wet climatechange scenarios resulted in maximum increases in total event runoff volumes with
14.6% and 25.1% increases for the near and far terms in downstream stormflow,
respectively.
This research also considered stormflow responses to a large range of changing
conditions based on combinations of the climate and land-use scenarios for integrated
climate-impact assessments. These responses under the worst-case scenarios indicate
increases in both peak instantaneous discharges and volumes of flow that have important
implications to stormwater management. By 2035, peak flows and runoff volumes for
storm events in the most heavily urbanized headwater basin will increase 67% and 92%.
By 2060, these increases reach 118% and 173%, or more than double present discharge
and runoff volumes. Downstream the peak flows and runoff volumes increase only 7.7%
and 12.8% by 2035 or 22.0% and 33.9% by 2060, but the magnitudes are much larger, so
costs of stormwater management increase accordingly. These magnitudes of increased
flow could negate benefits of stormwater management efforts that seek to reduce flow
peaks and volumes.
At a headwater gauge, the warm/wet scenario caused larger increases than landuse changes in peak discharges and total event runoff volumes from May to September
both near and far term. Similarly, at the downstream gauge, the warm/wet scenario
caused larger increases than land-use changes in peak discharges and total event runoff
volumes but from April to September in the near and far terms except near-term total
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event runoff volume is greater only from June to September. Simulations suggest that the
warm/wet climate-change scenario in September generates the maximum increase of the
12 months in both the small catchment and the large catchment.
Under the assumptions of the simulations, most scenarios indicate that climate
change contributes more to the maximum percentage increases in peak discharge and
total runoff volumes than land-use change. Thus, the hypothesis that urban land-use
change would dominate projected hydrologic responses was rejected. However, the
simulations of combined A2 (2035) or A1 (2060) land-use and warm/wet climate change
under the largest-increase scenarios indicates that land-use change substantially
exacerbates the climate-change impacts on stormflow. In fact, the percent increases in
flows caused by the combined land-use and climate change are more than the sum of the
percentage increases by the two individual scenarios (warm/wet and A2 for near term;
warm/wet and A1 for far term).
These results are suitable for integrated climate-impact assessments, urban
planning, and policy decisions that rely on quantitative and spatially explicit information
regarding pre-storm mitigation planning. The increased peak discharge due to climate
change and urbanization suggests that the relatively higher flood peaks and more frequent
flood events, and the increased total event runoff volumes indicates the volumes that
imply longer flood durations and the amount of detention storage that may be needed.
The implications to flood risk management is to decrease impervious areas and apply low
impact development (LID) and best management practices (BMPs) in catchments.
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Chapter 6: Conclusions
Three manuscripts were presented in Chapters 3, 4, and 5. In the first paper
(Chapter 3), accepted by GIScience & Remote Sensing, the BELLR building extraction
model was presented. The resulting BIAs were applied to two hydrologic models
indicating that BELLR outperformed 2011 NLCD PIA data, which are commonly used
where detailed PIA maps are not available.
The second paper (Chapter 4), submitted to Anthropocene, compared runoff
volumes, runoff coefficients, peak discharges, stormflow peak arrival times, and shapes
of dimensionless unit hydrographs between the watersheds. This comparison indicated
that stormflow depths and peak instantaneous discharges are more than an order of
magnitude greater in the urban watersheds than in the rural watershed, but that changes in
hydrograph shapes, as measured by skewness, kurtosis, and time-to-peak, are more
subtle. Urbanization of hilly forested areas with sandy soils, such as the study
watersheds, may cause pronounced increases in runoff that result in substantial increases
in flood risks and the potential for geomorphic change.
The third paper (Chapter 5), will be submitted to the Journal of Hydrology. The
results suggest that the combined impacts of land-use and climate change on withinchannel flows from moderate-magnitude storm events are from warm and wet climatechange scenarios and ICLUS A2 and A1 land-use scenarios for the years 2035 and 2060
for urban headwater-stream and downstream watersheds. Simulations run for near-term
(2035) and far-term (2060) periods suggest that the maximum increases in flow due to
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climate change will occur in from late spring to early fall and will generate a greater
impact on urban runoff than projected increases in urbanization in both the small, secondorder, catchment and a larger, fourth-order stream catchment in both the near and far
term. The analysis of climate change under the scenarios tested also shows substantial
decreases in stormflow for warm/wet scenarios and in all months except December for
the hot/dry scenario.
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Appendix B: GIS Operators in ESRI ArcGIS® 10.3.1 and Criteria for
Building Extraction in the BELLR Model
The GIS operators in ESRI ArcGIS® 10.3.1 and criteria for building extraction are in
Table B.1. The original LiDAR point-cloud data are converted to rasters of a specified
cell size after Step 3, and then the mean and modal last-return point elevations of each
cell are computed and then differenced for each cell for Step 5, and the height model is
used as a mask to select non-ground cells for further processing for building extraction.
Table B.1 GIS operators in ESRI ArcGIS® and criteria for building extraction.
Step 1
Step 2
Step 3
Step 4

Select non-ground returns
Select last returns only
Select 1.52 m ≤ elevation ≤ 304.80 m above sea level (to filter out outliers)
Set nDSM ≥ 2.1 m (filter out objects < 2.1 m height)
Set AdE filter to < 1.52 m (5 ft).
Step 5 This operator applies to grid cells with > 1 LiDAR return. Distinguishes
buildings with tops more planar than trees so AdE is smaller.
Step 6 Convert raster to point shapefile: Raster to Multipoint tool
Step 7 Convert multipart polygons to single polygons: Multipart to Singlepart tool
Step 8 Select and Export polygons within parcels: Select By Location tool
Step 9 Create a boundary polygon for the building points: Use Lasboundary tool
Eliminate buildings outside of parcels: Identity tool with parcel boundaries to
Step 10
intersect buildings
Enlarge building polygons to compensate for boundary conditions at building
Step 11
margins: Buffer polygons with ½ cell size
Eliminate small buildings and fragments: Select building area ≥ 45.5 m2 ;
Step 12
delete polygons < 45.5 m2
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Appendix C: Soils in the Three Watersheds
Soils in the two urban watersheds (Gervais and Pickens) of RBW are mapped differently
between the MCW, which is mapped as sandy soils, and the two urban watersheds, which
are mapped as Urban Land or Land Complex (Table C.1). The three soil types mapped in
MCW—Loam, Loamy Sand, and Sand—are based on soil textures. None of these types
are mapped in the RBW except for 0.05% of the Pickens watershed that is Loamy Sand.
In contrast, 59% of the Pickens watershed and 100% of the Gervais watershed are
mapped as Urban Land. The remaining soil coverage in the Pickens watershed is “Land
Complex,” which represents two or more dissimilar land uses that cannot be mapped
separately but occur in a repeating pattern. In this case, Land Complex is primarily sandy
soil that occurs in areas of urban residential and commercial land use where it is difficult
to map soil types. In short, the RBW soils were interpreted as sandy soils that could not
be mapped with detailed pedologic information due to being obscured by urban
development. It is likely that the MCW soils are similar to the pre-urban soils in RBW.
Table C.1 Soils by watershed
Urban
land
Watershed (%)
Gervais
100
Pickens
58.9
Mill Cr
0

Land
Complex
(%)
0
41.1
0

Loam
(%)
0
0
2.5

Loamy
Sand
(%)
0
0.05
57.6

Sand
(%)
0
0
39.9
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Urban
land
(km2)
0.30
3.18
0

Land
Complex
(km2)
0
2.22
0

Loam
(km2)
0
0
0.17

Loamy
Sand
(km2)
0
0.0026
3.94

Sand
(km2)
0
0
2.73

Appendix D: Stage-Discharge Rating Curves
At the Gervais gauge, stage-discharge rating curves were developed based on field
measurements for low to moderate flows based on 15 discharge measurements over a
range of flows from 0.001 to 0.418 m3/s (Figure D.1). Instantaneous discharge
measurements at the Gervais gauge were made using the velocity-area method
(Turnipseed and Sauer 2010). Velocities were measured with an electromagnetic current
meter, Marsh McBirney 2000 Flowmate current-velocity meter, and stage heights were
read from staff gauges during measurements. The equation of the stage-discharge rating
curve is Eq. A1.
Q = 6.31 × 10-12 Stage4.98, R² = 0.970

(Eq. A1)

Stage-discharge ratings could not be made for larger discharges at this site due to rapidly
changing stages and backwater effects downstream. Thus, the rating curve at the Gervais
gauge is only valid up to a stage of 600 mm (Q=418 L/s =0.418 m3/s). Figure D.2.
provides the regressions between stage and level at the Gervais Gauge.

Figure D.1 Stage-discharge rating curve based on field measurements of stage and
discharge at Gervais for stages up to 600 mm.
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Figure D.2 Regressions between stage and level at the Gervais Gauge (A) level-logger
level and staff-gauge stage (B) staff-gauge stage and level-logger level

Stage-discharge rating curve (Figure D.3) based on field measurements of stage and
discharge at Pickens provides a validation of instrumentation. Discharge measurements
are comparable between the acoustic Doppler current profiler (ADCP) and a Marsh
McBirney 2000 Flowmate current-velocity meter (mean percent bias = -0.91% ± 2.99%).
Two Flowmate measurements were made simultaneously with ADCP multiple readings.
The Flowmate readings took 17 and 21 minutes and corresponded with 4 and 5 ADCP
readings, respectively, which were time averaged. Also shown are four acoustic Doppler
velocimeter (ADV) readings.

Figure D.3 Stage-discharge rating curve based on field measurements of stage and
discharge at Pickens
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Appendix E: Lag Time Summary at the Gervais Gauge
Unimodal storm hydrographs at one-minute intervals were selected for lag time analyses
at the Gervais gauge. The sixteen hydrograph lag time information (Table E.1) were
based on one-minute rainfall data at RC Winds HQ station and one-minute stage data
collected in this dissertation. Stages were recorded with a Solinst Model 3001 level
logger Jr. Edge temperature-compensated pressure transducer with a 5-m vertical range
and accuracy of ± 0.6 cm. The level loggers were compensated for barometric changes
using a companion Barologger Edge. Peak Q calculation is based on the Appendix D:
Stage-Discharge at the Gervais Gauge Rating Curve.
Table E.1 Lag time summary at the Gervais gauge

Date
9/21/2015
9/25/2015
10/2/2015
10/3/2015
10/3/2015
10/10/2015
10/27/2015
10/27/2015
10/27/2015
10/28/2015
11/18/2015
11/19/2015
12/14/2015
12/17/2015
12/23/2015
12/30/2015

Rainfall
Start
(time)
22:55
2:26
21:08
2:17
3:17
15:12
12:00
18:52
22:03
8:57
21:09
8:31
16:47
12:42
14:50
17:39

Rainfall
Duration
(min)
30
44
17
11
33
31
4
45
2
33
80
30
5
11
17
16

Total
Rainfall
(mm)
3
4
4
3
5
16
2
5
2
4
12
4
2
3
11
3

* Beyond Rating Curve range
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Time to
Peak
(min)
32
55
24
15
25
18
16
35
16
36
76
28
19
20
20
14

Lag to
Peak
(min)
17
36
12
10
15
4
15
14
15
22
25
16
18
17
12
25

Peak
Stage
(m)
0.49
0.51
0.64
0.61
0.68
0.84
0.48
0.49
0.45
0.52
0.56
0.34
0.42
0.44
0.82
0.61

Peak
Q
(L/s)
311
355
*
*
*
*
286
306
226
405
*
82
188
213
*
701

Appendix F: SWMM Model Map for RBW
The SWMM model map for RBW (Figure F.1) shows the PIA of the 60 subcatchments of
RBW, the maximum depth of links (either the maximum depth in an open channel or the
maximum diameter of a closed pipe), and node invert elevation.

Figure F.1 SWMM Model Map for RBW
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Appendix G: Summary of Impacts of Land-Use and Climate Changes on
Stormwater Runoff
The percent changes in peak discharge (Table G.1) and total event runoff volumes
(Tables G.2 and G.3) at Gervais and Pickens gauges were highly variable over 12 months
for the climate-change scenarios but much less variable for the land-use scenarios.
Table G.1 Percent change in peak discharge at Gervais and Pickens gauges based on
land-use and climate-change scenarios
Land-Use Change
Gervais

Climate Change
Pickens

A1

A2

B1

A1

A2

B1

11.780

15.722

15.611

1.14

2.34

1.92

11.787
11.795
11.809
11.920
11.814
11.814
11.807
11.802
11.795
11.787
11.782
11.808
0.011
11.920

15.732
15.742
15.873
15.876
15.880
15.880
15.870
15.863
15.742
15.732
15.725
15.803
0.021
15.880

15.732
15.742
15.762
15.876
15.768
15.768
15.758
15.752
15.742
15.621
15.725
15.738
0.020
15.876

1.19
1.26
1.35
1.36
1.39
1.39
1.33
1.29
1.24
1.19
1.17
1.27
0.025
1.39

2.39
2.48
2.61
2.63
2.67
2.67
2.59
2.53
2.47
2.40
2.36
2.51
0.035
2.67

26.659
26.677
26.694
26.849
26.855
26.861
26.861
26.723
26.712
26.694
26.677
26.665
26.744
0.025
26.861

18.411
18.536
18.434
18.571
18.689
18.579
18.579
18.567
18.559
18.434
18.422
18.528
18.526
0.024
18.689

19.204
19.330
19.343
19.482
19.486
19.490
19.490
19.363
19.355
19.343
19.330
19.322
19.378
0.026
19.490

2.56
2.62
2.73
2.88
2.89
2.94
2.94
2.85
2.79
2.71
2.64
2.58
2.76
0.040
2.94

2.40
2.46
2.55
2.69
2.70
2.74
2.75
2.66
2.61
2.54
2.47
2.42
2.58
0.036
2.75

Gervais
Warm
Med.
/Wet

Pickens
Hot/
Dry

Warm
/Wet

Med.

Hot/
Dry

-2.28

2.94

-6.56

-7.40
-5.15
3.33
3.71
4.49
5.24
5.70
6.31
1.54
-6.75
2.42
0.93
1.442
6.31

3.54
3.39
2.52
-5.14
-0.44
1.73
2.83
4.93
-6.52
-9.29
-4.85
-0.36
1.381
4.93

-4.79
-1.88
-1.08
-16.63
-15.84
-24.52
-20.11
-16.75
-1.45
-1.58
1.32
-9.16
2.589
2.59

-4.45
-13.97
-9.98
4.54
5.01
6.23
7.72
8.95
11.65
2.40
-12.88
3.48
0.73
2.540
11.65

4.08
4.94
4.65
3.68
-9.61
-0.76
2.64
3.96
7.32
-12.17
-17.00
-9.48
-1.48
2.377
7.32

-12.57
-9.31
-3.75
-2.06
-28.90
-27.30
-42.99
-35.30
-29.01
-2.79
-3.01
2.14
-16.24
4.469
4.47

2035
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max
2060
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max

-6.446

16.836

1.97
2.05
2.17
2.18
2.21
2.22
2.14
2.09
2.04
1.98
1.94
2.07
0.031
2.22

17.423
13.190
13.882
18.235
25.429
34.214
41.091
48.657
8.061
15.194
9.639
12.246
6.459
48.657

20.244
17.419
10.516
10.340
-1.966
5.672
11.807
32.432
11.409
23.273
12.912
4.586
4.789
32.432

18.174
12.651
-5.038
-2.645
38.457
41.040
58.704
53.128
43.559
-6.547
-3.700
4.628
23.251
6.421
4.628

2.02
2.08
2.16
2.27
2.29
2.33
2.33
2.25
2.20
2.14
2.08
2.04
2.18
0.032
2.33

12.289
33.623
26.278
24.826
32.585
45.343
59.487
70.368
82.641
13.754
29.611
17.176
20.365
11.485
82.641

30.402
36.268
31.177
18.798
19.641
-3.708
9.985
20.969
57.273
21.834
43.643
25.711
7.528
8.767
57.273

34.948
25.251
10.054
-5.044
63.045
65.064
81.272
75.958
67.554
13.454
-6.731
8.580
36.650
9.258
8.580
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Table G.2 Percent change in total event runoff volumes at Gervais gauge based on landuse and climate-change scenarios

2035
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max
2060
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max

Gervais
Land-Use Change
A1
A2
14.65
14.62
14.59
14.54
14.55
14.48
14.49
14.54
14.54
14.56
14.59
14.62
14.56
0.02
14.65
36.37
36.32
36.24
36.20
36.17
36.20
36.20
36.16
36.20
36.24
36.28
36.37
36.25
0.02
36.37

B1

Climate Change
Warm/Wet
Median

Hot/Dry

20.46
20.42
20.33
20.34
20.31
20.31
20.31
20.36
20.40
20.33
20.39
20.43
20.37
0.02
20.46

20.30
20.35
20.29
20.20
20.24
20.17
20.17
20.23
20.26
20.29
20.26
20.39
20.26
0.02
20.39

-6.81
-17.97
-14.44
14.84
22.48
30.87
42.26
52.01
63.12
14.69
-15.43
9.61
16.27
7.83
63.12

19.16
25.13
21.89
13.59
-10.10
-3.02
6.41
13.99
38.55
-9.04
-24.01
-14.34
6.52
5.40
38.55

-18.26
-14.07
-5.96
-3.08
-36.96
-40.56
-56.56
-51.73
-42.91
-8.77
-3.95
4.83
-23.17
6.14
4.83

25.21
25.24
25.10
25.09
25.13
25.05
25.05
25.09
25.16
25.10
25.16
25.27
25.14
0.02
25.27

26.74
26.76
26.66
26.65
26.60
26.62
26.61
26.61
26.65
26.66
26.73
26.77
26.67
0.02
26.77

-12.64
-33.15
-27.17
26.65
41.02
56.83
78.17
97.16
117.13
27.44
-28.82
17.17
29.98
14.56
117.13

34.92
46.22
40.06
24.59
-18.52
-5.41
11.43
24.98
70.81
-16.71
-42.93
-26.91
11.88
9.87
70.81

-33.76
-26.47
-11.41
-5.76
-60.05
-63.43
-79.93
-74.43
-66.01
-16.37
-7.09
9.09
-36.30
8.92
9.09
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Table G.3 Percent change in total event runoff volumes at Pickens gauge based on landuse and climate-change scenarios

2035
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max
2060
JAN
FEB
MAR
APR
MAY
JUN
JUL
AUG
SEPT
OCT
NOV
DEC
Mean
SE
Max

Pickens
Land-Use Change
A1
A2
2.95
2.96
2.97
2.98
2.98
2.98
2.98
2.97
2.97
2.96
2.96
2.96
2.97
0.003
2.98
8.01
8.01
8.02
8.02
8.02
8.03
8.03
8.02
8.02
8.01
8.01
8.01
8.02
0.002
8.03

B1

Climate Change
Warm/Wet Median

Hot/Dry

6.94
6.94
6.94
6.94
6.94
6.95
6.95
6.94
6.94
6.94
6.94
6.94
6.94
0.001
6.95

5.00
5.01
5.01
5.03
5.03
5.04
5.03
5.02
5.02
5.01
5.01
5.00
5.02
0.004
5.04

-2.14
-6.04
-4.21
5.04
5.67
8.01
10.55
12.46
14.56
1.38
-5.62
3.70
3.61
2.040
14.56

4.96
6.15
5.31
3.11
-4.44
-0.34
1.94
3.84
10.19
-5.77
-7.34
-3.98
1.14
1.581
10.19

-5.72
-3.92
-1.63
-0.98
-13.50
-12.46
-20.63
-16.23
-13.17
-1.01
-1.49
1.66
-7.42
2.125
2.13

7.08
7.08
7.08
7.09
7.09
7.09
7.09
7.08
7.08
7.08
7.08
7.08
7.08
0.001
7.09

5.19
5.20
5.20
5.22
5.22
5.23
5.23
5.22
5.21
5.20
5.20
5.20
5.21
0.003
5.23

-4.01
-11.11
-7.84
8.71
9.79
13.81
18.15
21.44
25.08
2.39
-10.42
6.46
6.04
3.589
25.08

8.68
10.71
9.19
5.45
-8.07
-0.58
3.31
6.60
17.63
-10.52
-13.37
-7.39
1.80
2.807
17.63

-10.60
-7.28
-3.15
-1.83
-24.69
-22.72
-37.75
-29.73
-24.17
-1.88
-2.72
3.03
-13.62
3.883
3.88
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