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Abstract
In this dissertation, a Hydrologic Data Assimilation System (HDAS) relying on
the Duke Coupled surface-groundwater Hydrology Model (DCHM) and various data
assimilation techniques including EnKF (Ensemble Kalman Filter), the fixed-lag EnKS
(Ensemble Kalman Smoother) and the Asynchronous EnKF (AEnKF) was developed to
1) investigate the hydrological predictability of precipitation-induced natural hazards
(i.e. floods and landslides) in the Southern Appalachians in North Carolina, USA, and 2)
to characterize the seasonal (wet/dry) and inter-annual variability of surfacegroundwater interactions with implications for water resource management in the
Upper Zambezi River Basin (UZRB) in southern Africa. The overarching research
objective is to improve hydrologic predictability of precipitation-induced natural
hazards and water resources in regions of complex terrain. The underlying research
hypothesis is that hydrologic response in mountainous regions is governed by surfacesubsurface interaction mechanisms, specifically interflow in soil-mantled slopes, surfacegroundwater interactions in recharge areas, and wetland dynamics in alluvial
floodplains at low elevations. The research approach is to investigate the modes of
uncertainty propagation from atmospheric forcing and hydrologic states on processes at
multiple scales using a parsimonious uncalibrated hydrologic model (i.e. the DCHM),
and Monte Carlo and Data-Assimilation methods. In order to investigate the coupled
surface-groundwater system and assess the predictability of precipitation-induced
natural hazards (i.e. floods and landslides) in headwater basins, including the
iv

propagation of uncertainty in QPE/QPF (Quantitative Precipitation Estimates/Forecasts)
to QFE/QFF (Quantitative Flood Estimates/Forecasts), the DCHM model was
implemented first at high spatial resolution (250m) in the Southern Appalachian
Mountains (SAM) in North Carolina, USA.

The DCHM modeling system was

implemented subsequently at coarse resolution (5 km) in the Upper Zambezi River
Basin (UZRB) in southern Africa for decadal-scale simulations (i.e. water years from
2002 to 2012).
The research in the SAM showed that joint QPE-QFF distributions for flood
response at the headwater catchment scale are highly non-linear with respect to the
space-time structure of rainfall, exhibiting strong dependence on basin physiography,
initial soil moisture conditions (transient basin storage capacity), the space-time
organization of runoff generation and conveyance mechanisms, and in particular
interflow dynamics. The errors associated with QPEs and QPFs were characterized
using rainfall observations from a dense raingauge network in the Pigeon River Basin,
resulting in a simple linear regression model for adjusting/improving QPEs.
Deterministic QFEs simulated by the DCHM agree well with observations, with Nash–
Sutcliffe (NS) coefficients of 0.8~0.9. Limitations with state-of-the-science operational
QPF and the impact of even limited improvements in rainfall forcing was demonstrated
through an experiment consisting of nudging satellite-like observations (i.e. Adjusted
QPEs) into operational QPE/QPF that showed significant improvement in QFF
performance, especially when the timing of satellite overpass is such that it captures
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transient episodes of heavy rainfall during the event. The research further showed that
the dynamics of subsurface hydrologic processes play an important role as a trigger
mechanism of shallow landslides through soil moisture redistribution by interflow.
Specifically, transient mass fluxes associated with the temporal-spatial dynamics of
interflow govern the timing of shallow landslide initiation, and subsequent debris flow
mobilization, independently of storm characteristics such as precipitation intensity and
duration. Interflow response was shown to be dominant at high elevations in the
presence of deep soils as well as in basins with large alluvial fans or unconsolidated
debris flow deposits. In recharge areas and where subsurface flow is an important
contribution to streamflow, subsurface-groundwater interactions determine initial
hydrologic conditions (e.g. soil moisture states and water table position), which in turn
govern the timing and magnitude of flood response at the event scale. More generally,
surface-groundwater interactions are essential to capture low flows in the summer
season, and generally during persistent dry weather and drought conditions. Future
advances in QFF and landslide monitoring remain principally constrained by progress
in QPE and QPF at the spatial resolution necessary to resolve rainfall-interflow
dynamics in mountainous regions.
The predictability of QFE/QFF was further scrutinized in a complete operational
environment during the Intense Observing Period (IOP) of the Integrated Precipitation
and Hydrology Experiment (IPHEx-IOP), in order to investigate the predictability of
floods (and flashfloods) in headwater catchments in the Southern Appalachians with
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various drainage sizes. With the DCHM, a variety of operational QPEs were used to
produce hydrological hindcasts for the previous day, from which the final states were
used as initial conditions in the hydrological forecast for the current day. Although the
IPHEx operational testbed results were promising in terms of not having missed any of
the flash flood events during the IOP with large lead times of up to 6 hours, significant
errors of overprediction or underprediction were identified that could be traced back to
the QPFs and subgrid-scale variability of radar QPEs. Furthermore, the added value of
improving QFE/QFF through assimilating discharge observations into the DCHM was
investigated for advancing flood forecasting skills in the operational mode. Both the
flood hindcast/forecast results were significantly improved by assimilating the
discharge observations into the DCHM using the EnKF (Ensemble Kalman Filter), the
fixed-lag EnKS (Ensemble Kalman Smoother) and Asynchronous EnKF (AEnKF). The
results not only demonstrate the utility of discharge assimilation in operational
forecasts, but also reveal the importance of initial water storage in the basin for issuing
flood forecasts. Specifically, hindcast NSEs as high as 0.98, 0.71 and 0.99 at 15-min timescales were attained for three headwater catchments in the inner mountain region,
demonstrating that assimilation of discharge observations at the basin’s outlet can
reduce the errors and uncertainties in soil moisture. Success in operational flood
forecasting at lead times of 6, 9, 12 and 15hrs was also achieved through discharge
assimilation, with NSEs of 0.87, 0.78, 0.72 and 0.51, respectively. The discharge
assimilation experiments indicate that the optimal assimilating time window not only
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depends on basin properties but also on the storm-specific space-time-structure of
rainfall within the basin, and therefore adaptive, context-aware configurations of the
data assimilation system should prove useful to address the challenges of flood
prediction in headwater basins.
A physical parameterization of wetland hydrology was incorporated in the
DCHM for water resource assessment studies in the UZRB. The spatial distribution of
wetlands was introduced in the model using probability occurrence maps generated by
logistic regression models using MODIS reflectance-based indices as predictor variables.
Continuous model simulations for the 2002-2012 period show that the DCHM with
wetland parameterization was able to reproduce wetland hydrology processes
adequately, including surface-groundwater interactions. The modelled regional
terrestrial water storage anomaly (TWSA) captured very well the inter- and intra-annual
variability of the system water storage changes in good agreement with the NASA’s
GRACE (Gravity Recovery and Climate Experiment) TWSA observations. Specifically,
the positive trend of TWSA documented by GRACE was simulated independently by
the DCHM. Furthermore, it was determined that the TSWA positive trend results from
cumulative water storage in the sandy soils of the Cuando-Luana sub-basin when shifts
in storm tracks move rainfall to the western sector of the Angolan High Plateau.
Overall, the dissertation study demonstrates the capability of the DCHM in
predicting specific characteristics of hydrological response to extreme events and also
the inter- and intra-annual variability of surface-groundwater interactions at a decadal
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scale. The DCHM, coupled with slope stability module and wetland module featuring
surface-groundwater interaction mechanism, not only is of great potential in the context
of developing a regional warning system for natural hazards (i.e. flashfloods and
landslides), but also is promising in investigating regional water budgets at decadal
scale. In addition, the DCHM-HDAS demonstrated the ability to reduce forecasting
uncertainty and errors associated with forcing data and the model proper, thus
significantly improving the predictability of natural hazards. The HDAS could also be
used to investigate the regional water resource assessment especially in poorly-gauged
regions (e.g. southern Africa), taking advantage of satellite observations.
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1. Introduction
1.1 Motivation and Objective
Floods (and flashfloods) are severely threatening natural hazards that cause
property loss and fatalities worldwide (Ashley and Ashley, 2008; Connelly et al., 1999;
French et al., 1983; Hapuarachchi et al., 2011; Werner et al., 2009). On average, 85 people
have died from floods each year over the past 30 years (1984-2013) in the U.S., as shown
by Figure 1-1. Landslides (debris flows in particular) usually accompany flood events,
especially in soil-mantled landscapes, and often cause damage to critical infrastructure
(e.g. roads and private property) as well as numerous fatalities (Casadel et al., 2003;
Montgomery and Dietrich, 1994; Radbruch-Hall et al., 1982; Wieczorek and Morgan,
2008). As shown in Figure 1-2, landslides primarily occur in mountainous areas in the
U.S. Over 15% of the land in coastal areas of California and the Southern Appalachian
Mountains are highly susceptible to landslides. However, the predictability of these
rainfall-induced natural hazards (i.e. floods and landslides) is particularly difficult in
remote areas (Achleitner et al., 2012; Band et al., 2012; Casadel et al., 2003; Hossain et al.,
2007; Liao et al., 2011; Moore et al., 2006; Norbiato et al., 2008; Reed et al., 2007; Tao and
Barros, 2014a; Tao and Barros, 2013; Versini et al., 2014; Warner et al., 2000; Wooten et
al., 2008; Yates et al., 2000).
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Figure 1-1: The statistical information on fatalities, injuries and damages caused by
weather related hazards provided by the U.S. Natural Hazard Statistics1.

Figure 1-2: USGS map of relative landslide incidence and susceptibility across the
conterminous US. Red and pink areas have the highest incidence and susceptibility2.
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http://www.nws.noaa.gov/os/hazstats.shtml
http://geology.com/usgs/landslides/
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The challenge of improving hydrological forecasting skills has been recognized
and reviewed widely (Cloke and Pappenberger, 2009; Cuo et al., 2011; Droegemeier et
al., 2000; Hapuarachchi et al., 2011; Liu et al., 2012; Pagano et al., 2014; Vrugt et al., 2006).
Previous studies have pointed out two challenges that contribute to the poor
predictability of floods in mountainous regions, namely the inaccuracy and uncertainty
of both Quantitative Precipitation Estimates (QPEs) (Ciach et al., 2007; Gourley and
Vieux, 2005; Kirstetter et al., 2012; Tao and Barros, 2013; Vasiloff et al., 2007; Zoccatelli et
al., 2010) and Quantitative Precipitation Forecasts (QPFs) (Amengual et al., 2009; Cuo et
al., 2011; Davolio et al., 2013; Dietrich et al., 2009; Jaun and Ahrens, 2009; Mascaro et al.,
2010; Rabuffetti et al., 2008; Rossa et al., 2011; Zappa et al., 2010). Nevertheless, few
studies have investigated the underlying relationship between subsurface hydrological
processes and precipitation-induced natural hazards in topographically complex
regions, such as in the Southern Appalachian Mountains (SAM). The SAM region is
representative of mid-latitude Middle Mountains and characterized by high frequency
floods and landslides (Wieczorek et al., 2009a; Wieczorek and Morgan, 2008; Wieczorek
et al., 2004; Witt, 2005a; Wooten et al., 2008). In addition, the SAM is a critical recharge
area for local aquifer systems as demonstrated in Figure 1-3. Two typical aquifer systems
in the region are depicted in Figure 1-4 for the Blue-ridge to Piedmont regime and the
ridge-valley regime. This figure implies active water percolation in the recharge area at
ridges and vigorous surface-groundwater interactions (i.e. discharge and recharge) in
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valleys, i.e. the subsurface flow plays a significant role in governing the occurrence of
precipitation-induced natural hazards (i.e. floods and landslides) in complex terrain.

Figure 1-3: Estimated mean annual natural ground-water recharge area in the
conterminous United States3.

Figure 1-4: Typical aquifer systems underlying the Southern Appalachian Mountains
(Trapp Jr and Horn, 1997).

That predictability problem is exacerbated in poorly-gauged regions without
sufficient data support, such as southern Africa where very limited ground-based
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measurements are available, in particular measurements that are reliable for conducting
hydrological activities. Due to increasing water demand and frequent drought
conditions, water resources in southern Africa are highly vulnerable. Managing the
long-term sustainability of water resources in this region poses the quintessential
transboundary challenge due to the conflicting needs of the various nations sharing
common aquifers (Taylor et al., 2009). However, little is known about the regional water
budget due to the lack of reliable ground-based observations in the region. The
terrestrial water storage anomaly (TWSA) observations by NASA’s Gravity Recovery
and Climate Experiment (GRACE) satellite (Swenson and Wahr, 2006; Syed et al., 2008;
Yeh et al., 2006), provide an alternative approach to examine the regional water budget.
The spatial distribution of the standard deviation of the GRACE TWSA demonstrates
large variability of water storage changes in southern Africa over the decade from 2003
to 2012 (Figure 1-5a)), especially in the transition zone from the Congo forest to semiarid and arid regions, i.e. the Upper Zambezi River Basin (UZRB). Figure 1-5b) depicts
the time series of basin-averaged GRACE TWSA in the UZRB, exhibiting a positive
trend during the same period. However, a similar trend is not observed in the rainfall
time series (shown by the green line in Figure 1-5b)). The concurrent expansion of
wetland area extent especially in the Barotse Floodplain (as shown in Figure 1-6), is
however consistent with the evolution of the TWSA. Indeed, wetlands cover a large
area of the Zambezi River Basin and play a critical role in regulating regional hydrology
(Bwangoy et al., 2010; Wright and Gallant, 2007). Thus, wetland hydrology cannot be
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neglected in the UZRB. Nevertheless, the GRACE TWSA integrates the water changes
within the whole terrestrial system, including surface water, soil water and aquifer
storage, thus it is not possible to determine how and why the terrestrial system gains
water, and whether the positive TWSA trend reflects aquifer gains or soil moisture and
vegetation changes. To resolve this ambiguity, a comprehensive hydrological modeling
study that explicitly accounts for spatial and temporal dynamics of surface-groundwater
interactions, especially in wetlands, must be conducted.

Figure 1-5: a) illustrates the spatial distribution of GRACE TWSA standard deviation
in southern Africa. b) shows the time series of GRACE TWSA averaged over the
UZRB; the TRMM 3B42 rainfall product is also shown with the y-axis on the right.

Figure 1-6: MODIS yearly landcover product (IGBP Type) from 2003 to 2012.
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Overall, the predictability of hydrological response to extreme weather events
and long-term terrestrial water storage changes is largely limited in topographically
complex terrain. The overarching research objective of the dissertation is therefore to
improve hydrologic predictability of precipitation-induced natural hazards at event
scale and water resources assessment at decadal scale in regions of complex terrain, with
an emphasis on quantitatively characterizing surface-groundwater interactions.

1.2 Research Background
1.2.1 Hydrological predictability in mountainous regions
Currently, hydrological forecasting for precipitation-induced natural hazards
(particularly for floods and landslides) is very limited in mountainous regions, which is
mainly

caused

by

the

uncertainty

of

QPE/QPF

(Quantitative

Precipitation

Estimates/Forecasts), and lack of adequate physical representation of subsurface flow
mechanisms and initial conditions in the system (Cloke and Pappenberger, 2009; Collier,
2007; Cuo et al., 2011; Hapuarachchi et al., 2011; Kitzmiller et al., 2013). First, the
accuracy of radar-based QPE is subject to severe estimation errors in complex terrain
mainly due to measurement limitations (e.g. overshooting, ground clutter, etc.) caused
by rugged topography (Anagnostou et al., 2001; Borga and Tonelli, 2000; Fulton et al.,
1998; Nelson et al., 2010; Prat and Barros, 2010b; Smith and Krajewski, 1991; Smith et al.,
1996; Steiner et al., 1999; Villarini and Krajewski, 2010; Warner et al., 2000; Young et al.,
1999), which directly results in significant bias in rainfall estimates both in space and
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time, thus reducing hydrological predictability in mountainous regions. In addition to
QPEs, QPFs with useful lead times and spatial scales remain inadequate in mountainous
regions (Ebert and McBride, 2000; Gourley et al., 2012; Olson et al., 1995; Pappenberger
et al., 2011; Tao and Barros, 2010). For instance, a small displacement of either the
location of rain cells or a timing error can lead to very large differences in flood
forecasting guidance (Ebert and McBride, 2000). Besides all the challenges stated above,
orographic effects further enhance the spatial and temporal variability of precipitation in
regions of topographically complex terrain (such as in the Southern Appalachians)
(Barros and Lettenmaier, 1994; Sun and Barros, 2012), exacerbating the difficulty in
providing better QPEs/QPFs for hydrological modeling and forecasting in mountainous
regions.
However, even with perfect QPEs and QPFs that are characterized with accurate
spatio-temporal organization (i.e. correct rain-cell locations, reasonable spatial patterns,
good timing, etc.), hydrological predictability remains a big challenge in mountainous
regions, because it is also controlled by surface-subsurface water transfer processes (i.e.
subsurface flow mechanisms, antecedent/initial soil moisture conditions, etc.) (Berthet et
al., 2009; Garambois et al., 2013). Traditional forecasting approaches depend on rainfall
thresholds and/or rely on simplified lumped/conceptual hydrologic models that are not
able to represent subsurface processes, which dramatically lose their effectiveness
especially for landslide predictions in mountainous regions (Baum and Godt, 2010).
This provides motivation for specific studies to investigate the use of physically-based
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and distributed hydrologic models to improve the timeliness, resolution, and accuracy
of hydrologic forecasts (Smith et al., 2004). Nevertheless, the increased model
complexity in process-based and distributed models brings about other big challenges in
terms of large data needs and increased uncertainty associated with model structure,
model parameters and the forcing data. For instance, Carpenter and Georgakakos (2004)
demonstrated increased model uncertainty with decreasing basin sizes using a
distributed model for flood forecasting, which illustrates the trade-off between forcing
data quality at relatively coarse resolution and the associated uncertainty at fine scale.
Indeed, there is a long history of controversial points of view regarding the
adequateness of complex models with good data support versus simple (lumped or
conceptual) models with well-designed calibration in flood forecasting (Beven and
Binley, 1992; Young, 2002). Model calibration is highly sensitive to the accuracy of
rainfall spatio-temporal characteristics (e.g. Bindlish and Barros, 2002), and is
particularly difficulty for flood forecasting in complex terrain due to non-stationarity in
space and time (e.g. Zoccatelli et al., 2010). In addition, calibration against discharge
observations with biased QPEs/QPFs (e.g. wrong rainfall spatial pattern or timing) will
cause erroneous parameter estimation, i.e. good results for the wrong reasons.
Furthermore, calibrated parameters are specifically associated with the rainfall events
used in the calibration procedure for a particular basin, but parameters obtained from
calibration for a light rainfall event should not be applicable for a moderate or heavy
rainfall regime, or for a winter storm. This association of calibrated parameters with
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hydrology regimes hinders the application of calibrated models in flood forecasting.
Thus, improving flood forecasting skill independently of model calibration and rainfall
forcing remains a daunting challenge (Gourley et al., 2011; Looper et al., 2012). In
contrast, distributed hydrological models with necessary non-linear complexity to
represent essential physical processes show comparable or superior performance to
lumped models, suggesting the reliability of distributed models for hydrological
forecasting purposes (Reed et al., 2004).
Furthermore, poor understanding of the role of surface-subsurface interactions in
flood occurrence is also a factor affecting hydrological predictability in mountainous
regions (Camporese et al., 2010; Garambois et al., 2013). For instance, Camporese et al.
(2009) demonstrated that better subsurface flow is crucial for improving subsequent
surface response, as shown in Tao and Barros (2013). In addition, due to the complexity
of physically-based distributed models, the propagation of uncertainty associated with
QPEs and QPFs in non-linear hydrologic models remains unclear (Rossa et al., 2011; Tao
and Barros, 2013) .

1.2.2 Water resources investigation in a poorly-gauged region
1.2.2.1 Hydrologic modeling studies
Compared to the U.S., hydrologic modeling studies are generally highly limited
in poorly-gauged regions, such as in southern Africa. The dissertation focuses on the
Upper Zambezi River Basin (UZRB), a region featuring complex topography and
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enormous heterogeneities both in hydro-geology and hydro-ecology in southern Africa.
The UZRB is a critical region providing valuable freshwater resources to a large area
downstream and significant water recharge to the underlying Northern Kalahari
Aquifer (NKA). Despite its critical role in providing substantial water recharge to local
human populations, the hydro-ecologic role of the UZRB in the regional water cycle has
not been investigated previously with comprehensive hydrological modeling.
Additionally, the limited antecedent modeling activities for this region suffer from a
variety of deficiencies. First of all, besides the inaccuracy of hydrometeorological forcing
data, the availability of ancillary data (e.g. soil and aquifer parameters) to support
appropriate physical representations of hydrological processes is also limited because
there are virtually no ground-based hydrometeorological measurements that are
publicly accessible to support modeling activities. In addition, quality-controlled
ground-based measurements for characterizing rainfall errors and validating model
results are also severely limited by the shortage of well-maintained observation
networks. These shortages directly cause a poor understanding of the regional water
budget and water cycle in the UZRB and local aquifers due to limited hydrologic
modeling activities.
All the current hydrological modeling studies conducted in the Zambezi river
system are summarized in Table 1-1. The difficulty for hydrological modeling studies in
this region is highlighted by the fact that over many years there have been few modeling
activities conducted. Vorosmarty and Moore (1991) used a macro-scale hydrology model,
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a water balance model linked with a fluvial transport model, to simulate catchment-scale
hydrologic processes for the Zambezi river basin at the macro-scale (0.5 degree) and
monthly time scale, focusing on assembling a coherent data set for model calibration and
parameterization at large scale. The study demonstrated that the temporary water
storage within a large wetland would be able to dramatically regulate the regional water
balance. They also discussed the potential impacts of anthropogenic disturbance
including impoundment, land use change, and climate change on the Zambezi river
system, and concluded that the impacts could be substantial. A water management
model, the AQUA simulation model developed by Hoekstra et al. (1998) to analyze the
long-term interaction between water and development, was utilized to evaluate the
direct and indirect value of water resources in sub-components in the regional water
cycle (Hoekstra et al., 2001). This AQUA Zambezi model separates net precipitation into
direct runoff and percolates using a land-cover-specific ratio. The results indicate that
the percolation water is significantly more valuable than the surface runoff in the
Zambezi river basin (Hoekstra et al., 2001). Another simple conceptual model that
relates discharge at basin outlet with Basin Water Index (BWI) was developed and
applied in the headwater catchments of the Zambezi river (Meier et al., 2011). This
model partitions the total discharge into surface runoff and subsurface runoff based on a
relationship using different time lags determined by calibration, for the two runoff
components. Due to model characteristics aiming to simulate discharge at basin outlets,
this model cannot account for spatial variability.
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However, these models are not able to fully capture the hydrologic processes
including surface-groundwater interactions. A few models equipped with a
groundwater flow module were applied in this region. For example, the terrestrial water
storage (TWS) including water storage in channels, unsaturated and saturated zone
were estimated in the upper Zambezi using a conceptual model, STREAM (Spatial Tools
for River basin Environmental Analysis and Management) and a lumped model, LEW
(Lumped Elementary Watersheds) iteratively calibrated and parameterized by the
GLUE (Generalized Likelihood Uncertainty Estimation) method (Winsemius et al.,
2006a), emphasizing the terrestrial storage uncertainty related to hydrological modeling
in data-scarce regions (i.e. the Zambezi river basin). Klees et al. (2007) later analyzed the
monthly water storage variations estimated by the LEW model over the UZRB and
found that the maximum amplitude of the water storage variation is up to 60-80
mm/month. But the LEW modeling framework features simplified physical processes
and also cannot address spatial heterogeneity issues due to the lumped characteristic.
Table 1-1: Summary of the hydrological studies conducted in the UZRB region.
Authors,
Years

Model

Model Type

(Vorosmarty
and Moore,
1991)

A macroscale
hydrology
model

A water balance
model linked with
a fluvial transport
model

(Hoekstra et
al., 2001)

AQUA

Water
management
model
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Spatial and
Temporal
scale
0.5 degree
(about 50km)
in space and
monthly scale
in time
Temporal
resolution is
monthly or

Groundwater
Flow module

No

YES
(using a land-cover
dependent ratio to

even annual

(Winsemius
et al., 2006a)

STREAM
and LEW

(Klees et al.,
2007)

LEW

(Meier et al.,
2011)

Soil
moisture –
runoff
model

STREAM is a GISbased conceptual
model, LEW is a
semi-distributed
conceptual
(lumped) model
A semidistributed
conceptual
(lumped) model
A simple
conceptual model
relating discharge
with Basin Water
Index(BWI)

partition percolation
and direct runoff
from net
precipitation)

3 km and
monthly time
step for
STREAM;
Monthly time
step for LEW

YES
(without aquifer
representation)

Temporal
resolution is
monthly

YES
(without aquifer
representation)

Temporal
resolution is
10 days

NO

It can be seen from the summarized Table 1-1 that none of the models reviewed
above are fully physically-based. Fully-distributed and physically-based hydrologic
models generally have superior ability to simulate water and energy flux due to their
ability to better represent physical processes and explicitly account for spatial
heterogeneity, but these models generally require myriad data support. Sophisticated
groundwater models such as MODFLOW cannot be applied in the UZRB region because
of data limitations, specifically little being known of the hydrogeology (i.e. the aquifer
structures and properties).
Overall, few sophisticated hydrological models that are able to fully capture the
surface-subsurface physical processes have been applied in the UZRB and the NKA.
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This causes poor understanding of the regional water budget and water cycle and the
vulnerability of regional water resources.

1.2.2.2 Application of satellite observations
Satellite remote sensing observations provide unique information over the earth
at large scale, especially in data-scarce regions, as in the case of the UZRB. Many satellite
observations have been utilized for hydrological studies in data-scarce regions such as
the UZRB. For instance, ENVISAT radar altimetry data were utilized to retrieve water
level and discharge in river systems in the Zambezi River basin (Michailovsky et al.,
2012). The soil moisture products derived from a scatterometer onboard the European
Remote Sensing Satellite were compared with discharge observations in the Zambezi
River (Scipal et al., 2005), and the results indicated a high correlation (R2>0.85) between
the time series of basin-averaged soil moisture and runoff and illustrated that the basinscale soil moisture anomalies could explain the runoff variation to some extent. As
mentioned earlier, NASA’s GRACE TWSA observations provide a unique opportunity
to evaluate and constrain basin-scale hydrologic models at large spatial scales. Ramillien
et al. (2005a) and Syed et al. (2008) presented estimates of land water storage for
southern Africa using GRACE and showed large inter-annual variability in
groundwater and soil moisture storage around the UZRB and NKA that peak at the
divide between the Congo and Kalahari aquifers during the wet season.
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As the only remote sensor that is able to provide the variation of terrestrial water
storage including surface water, soil moisture and groundwater, GRACE is a promising
tool for validating coupled surface-subsurface simulations. For instance, Niu et al. (2007)
developed a simple groundwater model (SIMGM) and coupled it with a modified
version of the National Center for Atmospheric Research (NCAR) Community Land
Model (CLM2.0), and demonstrated that the modeled total water storage change agreed
well with the GRACE estimates for major river basins not affected by snow or frozen
soil, including the Zambezi river basin. Jin and Feng (2013) demonstrated that the
Zambezi river basin is one of the regions with largest annual groundwater variations
(80mm) in the world using GRACE data and hydrological models GLDAS (Global Land
Data Assimilation System) and the WGHM (WaterGAP Global Hydrology Model).
However, large discrepancies were found between the GRACE TWS data and the
model simulations for the UZRB using the LEW (Lumped Elementary Watershed)
model (Klees et al., 2007; Revtova et al., 2010; Winsemius et al., 2006b). Klees et al.(2007)
related the discrepancies between the GRACE observations and hydrological
simulations to both the possible improper calibration of the hydrologic model and the
errors associated with post-processing for GRACE data. The study applied the same
filter used for post-processing GRACE estimates to the LEW output, and the results
showed that the filtered LEW estimates were reduced to one tenth of the unfiltered
results. This led to the question of uncertainty in the GRACE retrievals. For example,
due to signal degradation associated with measurement errors and noise, the
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uncertainty in the GRACE mass observations is about 30mm~40mm of water thickness
over the Zambezi river basin (Landerer and Swenson, 2012; Wahr et al., 2006).
Nevertheless, satellite observations are still the most promising source for investigating
scientific questions in data-scarce regions, and combining satellite data with proficient
hydrological models fosters a promising solution to address science needs in this region.

1.2.3 Hydrological data assimilation studies
Data assimilation (DA), a state-of-the-art technique merging various data sources
and model results, provides an essential tool to reduce forecast uncertainty
(McLaughlin, 2002). DA techniques have been widely applied in meteorological and
oceanographic fields over the past few decades, while hydrological DA studies have a
relatively shorter history (Walker and Houser, 2005). Furthermore, DA application in
hydrological studies based on distributed models did not appear until the 1990s
(McLaughlin, 1995).
Traditional data assimilation schemes require model linearization and
development of an adjoint model (e.g. the extended Kalman Filter). However, fullydistributed and physically-based hydrological models usually have highly non-linear
model representations of hydrological process (Garambois et al., 2013; Garcia-Pintado et
al., 2009; Zappa et al., 2011). The highly non-linear dynamics, involving a large number
of parameters and states with a number of degrees of freedom, is the major limitation of
DA applications in distributed hydrological models (Evensen, 1997).
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Then, the

ensemble Kalman Filter (EnKF) and the EnKF-like methods are attractive schemes for
hydrological DA applications since model linearization is not required. Although the
EnKF was originally developed for solving linear problems, it has achieved success for
nonlinear dynamics applications.
Many satellite-based observations have been successfully assimilated into
various hydrologic and coupled land-atmosphere models over the last decade, including
microwave brightness temperature (Crosson et al., 2002; Crow, 2003; Crow and Wood,
2003; Dunne and Entekhabi, 2006; Pan et al., 2008; Reichle et al., 2002; Wigneron et al.,
2002), soil moisture (Chen et al., 2011; Crow, 2007; Reichle et al., 2008a; Reichle et al.,
2008b; Reichle et al., 2007), GRACE TWS products (Forman et al., 2012; Houborg et al.,
2012; Li et al., 2012; Zaitchik et al., 2008) and surface skin temperature (Bosilovich et al.,
2007; Han et al., 2013; Xu et al., 2011) among others. For example, through assimilating
the GRACE-derived TWS anomalies into the Catchment Land Surface Model (CLSM)
using an ensemble Kalman smoother (EnKS), Zaitchik et al. (2008) demonstrated that
DA significantly improved model simulations of groundwater and hydrological fluxes
over the Mississippi river basin. In addition to satellite-based observations, groundbased measurements including discharge observations by stream gauges (Bloschl et al.,
2008; Camporese et al., 2009; Clark et al., 2008; Lee et al., 2011b; Li et al., 2015; Li et al.,
2013; Li et al., 2014; Meier et al., 2011; Rakovec et al., 2012; Seo et al., 2003), in-situ soil
moisture observations (Aubert et al., 2003; Lee et al., 2011b), etc., were also assimilated
into hydrological models and have improved simulation results. As demonstrated in
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Camporese et al. (2009), assimilating pressure head and streamflow observations into
the CATHY (CATchment HYdrology) model using the EnKF method led to improved
streamflow prediction and better subsurface flow.
Recently, DA has shown high potential to improve operational hydrological
forecasts through optimally merging real-time observations (satellite or ground-based)
into forecasting hydrological models (Harader et al., 2012; Lee et al., 2011b; Li et al., 2014;
Liu et al., 2012; Rakovec et al., 2015; Seo et al., 2003; Vrugt et al., 2006). However, DA
applications in operational hydrological forecasting with distributed hydrological
models have encountered a barrier compared to the success for other hydrological
applications. Two aspects contribute to the current impasse: 1) Time-lag. Not until
recently has the time-lag issue been well recognized (Li et al., 2013; Noh et al., 2013;
Rakovec et al., 2015), i.e. the time difference between the interior states within the basin
and the corresponding flow response at basin outlets, especially when using a fullydistributed hydrological model for mid-size to large watersheds.

2) Uncertainty/error

representation. Uncertainties and errors, including model errors (Crow and Van Loon,
2006), forcing errors (Noh et al., 2014) and observation errors (Clark et al., 2008), have to
be characterized appropriately. Incorrect error assumptions will directly degrade the
performance of data assimilation schemes and lead to biased results.

1.3 Research Hypothesis and Approach
Overall, there are three key research gaps existing in the current literature:
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1) The predictability of natural hazards including floods and landslides faces severe
challenges especially in mountainous regions such as in the Southern
Appalachian Mountains, which are attributed to the inaccuracy of QPE and QPF,
as well as the correct representation of subsurface hydrological processes.
2) The regional long-term water budget and inter- and intra-annual variability of
surface-ground water interactions remain unclear in poorly-gauged regions, such
as the UZRB, a catchment characterized by both mountainous uplands and large
floodplains embedded with ephemeral wetlands, providing essential fresh water
resources to local human activities.
3) Data assimilation techniques demonstrate promising skills to reduce uncertainty
associated with forcing data and model structures, and to optimally merge
observations

to

correct

modeling

results.

However,

data

assimilation

applications with physically-based and distributed hydrological models are still
limited due to the high nonlinearity of hydrological processes. Two particular
challenges, namely the time-lag and appropriate uncertainty representations,
need comprehensive investigation.
The overarching goal of this research then is to improve the predictability of
precipitation-induced natural hazards in the Southern Appalachian Mountains in the
U.S., and to better assess the vulnerability of water resources in Southern Africa,
illustrated by a basin in the transition zone from forest to arid region, i.e. the UZRB. In
particular, the specific science objective is to advance the understanding of the spatio-
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temporal variability of surface-groundwater interactions in mountainous regions and
how that affects the predictability of hydrological response to extreme events, and to
characterize the regional water budget change in the terrestrial system and the
subcomponents of the terrestrial system (e.g. surface water, soil water storage, and
aquifer water storage) at both the seasonal and inter-annual time-scales. The underlying
research hypothesis is that flood response, landslide initiation, and long-term terrestrial
water storage changes in mountainous regions are governed by surface-subsurface
interaction mechanisms determined by local geomorphic traits and regional
hydrogeology, specifically including 1) interflow processes in soil-mantled slopes at
high elevations and in inner mountain basins; 2) surface-groundwater interactions in
aquifer recharge/discharge areas; and 3) wetland dynamics in alluvial floodplains at
lower elevations. The research approach is to investigate the modes of uncertainty
propagation from atmospheric forcing (particularly rainfall forcing) and hydrologic
states on processes at multiple scales using a parsimonious uncalibrated hydrologic
model (the DCHM), and Monte Carlo and Data-Assimilation methods.
Specifically, this dissertation first investigates the predictability of hydrological
forecasts in mountainous catchments with adequate data support, relying on a dense
observing network in the Southern Appalachians. Second, the model is transferred to a
poorly-gauged catchment in southern Africa (the UZRB) to characterize surfacegroundwater interactions at decadal scale (ten water years from 2002 to 2012). The goal
then is to evaluate freshwater availability and vulnerability at regional scale.
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2. Hydrology Model and Data Assimilation
2.1 Duke Coupled surface-groundwater Hydrology Model
(DCHM)
The Duke Coupled surface-groundwater Hydrology Model (DCHM) is a fullydistributed and physically-based hydrologic model solving water and energy balance
equations with coupled surface-subsurface interactions. Earlier studies using evolving
versions of the model formerly known as LSEBM, 1D-LSHM, and 3D-LSHM were
described in various publications at spatial resolutions ranging from several kms to 100s
of meters including Barros (1995), Devonec and Barros (2002), Yildiz and Barros (2005;
2007; 2009), Garcia-Quijano and Barros (2005) and Gebremichael and Barros (2006)
including dynamic vegetation modeling, Kang and Barros (2013; 2012a; 2012b) coupled
to a detailed snow microwave emission model, and Tao and Barros (2014a;2013). In the
DCHM, each pixel represents a vertical soil column containing three or more soil layers
that also serve as root layers, and a dynamic base layer overlying the regolith or the
water table in the case of unconfined aquifers. Parsimonious description of key model
equations can be found in (Devonec and Barros, 2002; Yildiz, 2001). The current version
of the DCHM is shown in Figure 2-1. The DCHM is equipped with the capacity to
predict natural hazards at event scales and assess water resources at decadal scales, and
is also suitable for use in an operational hydrological forecasting framework.
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Figure 2-1: The schematic diagram of the Duke Coupled surface-groudwater
hydrology model (DCHM), displaying a) the one-dimensional soil column, b) two
dimensional cross section and c) the three dimensional structure.
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2.1.1 Land Surface Hydrology Model
2.1.1.1 Energy Balance
The energy balance equation in the superficial soil layer is given by (2.1),
∗

ℎ

=

+

+

+

(2.1)

where the left-hand term represents the change in heat storage in the superficial soil
∗

layer,

is the volumetric heat capacity of the soil surface, which is corrected in the

presence of snow cover as

∗

= 1−

+

, where C is the heat capacity of the

soil, Ci is the heat capacity of ice, and Csn is the areal extent of the snow cover. ℎ and
are the thickness and the temperature of the superficial soil layer, respectively;
net radiation comprising net shortwave and longwave radiation,
flux,

ℎ

is the latent heat flux, and

ℎ

ℎ

is the

is the sensible heat

is the ground heat flux and is calculated by

equation (2.2),
=−
where

ℎ and

∗
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are the thickness and the temperature of the deep soil layer,

respectively.
Total radiative flux can be expressed as,
=

+

−

(2.3)

where Fs is the net solar radiation flux, F = 1 − α F , in which Fsi is downward
incoming flux, and α is effective land surface albedo,
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where Csn and Cv are the fractional grid area covered by snow and vegetation,
respectively.
Net longwave radiation flux
=

−

is expressed by
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where εa and εg are emissivities of the atmosphere and the ground surface, Ta and To are
air and ground temperature (K), and σ is the Stefan-Boltzmann constant (WK-4m-2).
The sensible and latent heat fluxes are estimated based on Monin-Obukhov
similarity theory, which has primary assumptions of homogeneity and quasi-stationarity
of the horizontal flow field, and independence of turbulent fluxes from the height of the
surface layer (Arya, 1988; Brutsaert, 1982). The theory provides dimensionless variables
expressing the buoyancy effects resulting from the vertical density gradients in the
stable atmosphere, neglecting molecular boundaries. The sensible and latent heat fluxes
are calculated as follows:
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(2.6)
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(2.7)

where the subscript 1 shows a reference level in the boundary layer at which the
horizontal wind velocity U1, the temperature T1, and specific humidity q1 are known at
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the same height (reference height). To is the ground surface temperature. qsat is the
specific humidity at saturation at the ground surface (adjusted in the presence of snow
in winter). ρa is the density of the air. Cp is the heat capacity of the air at constant
pressure. Lv is the latent heat for water vaporization. CH and CW are the aerodynamic
drag coefficients for heat and water transfer.
*
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in which z0 is the roughness length, > is the zero plane displacement height and z is the
measurement height; Ri(z) is the bulk Richardson number, and b and c are coefficients
depending on stability conditions.
At saturation, the specific humidity qsat is calculated by,
I
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where the ground surface temperature is in degrees centigrade (-35oC<To<35oC), Pb is a
constant Pb=0.622×esat(T=0oC)=0.622×6.11=366.72 Pa, and Po is the surface pressure.
A “subgrid velocity scale Vsg” is added to the average wind velocity in order to
account for sub-grid meso-scale motions generating turbulent fluxes (Mahrt and Sun,
1995).
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(2.10)

where g is the gravity acceleration constant (9.8m/s2), ∆T is a measure of the variation of
surface temperature, ∆x is the grid size, C(0)=0.015, and Ucrit=3.9m/s.
Equation (2.7) applies only to surfaces for which evapotranspiration takes place
at its potential rate. Over continental areas, evapotranspiration generally occurs at much
slower rates due to resistances of soil, vegetation, and snow cover. Therefore, correction
factors are applied to the equation in order to convert the potential estimates of latent
heat fluxes to actual values. Then given the total evapotranspiration rate, the latent heat
flux Lh is defined as:

ℎ

=

# `J

(2.11)

where Lv is the latent heat of vaporization. The total evapotranspiration Et is expressed
as a combination of the partial evaporation fluxes from the vegetation, skin and bare
soil:
`J = ` a +

# `#

+ 1−

#

`M

(2.12)

in which Et, Esk, and Ev are the total evaporation, skin evaporation, evapotranspiration
and bare soil evaporation, respectively; and Cv measures the fraction of the grid box
covered with vegetation. Evapotranspiration Ev is estimated based on the simplified
Monteith formulation as proposed by Rowntree (1991):
`# = )&

I − I &J , L
b& + b^
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(2.13)

where b& = 1⁄ c

*

is the aerodynamic resistance, and b^ is the canopy resistance which

depends on solar radiation (light control), soil moisture content, air temperature and
humidity.
There are many parameterization schemes for canopy resistance, of which the
Jarvis scheme is one of the most commonly used methods, such as in BATS (Dickinson et
al., 1993), ISBA (Mahfouf et al., 1995), the land surface parameterization in ECWMF (IFS,
Physical processes, Cy31r1, 2007), and Noah land surface model (Chen and Dudhia,
2001; Kumar et al., 2011). Generally, the Jarvis scheme of canopy resistance has the
following formulation,

where b^,e

b^ =

b^,e

f; × h- D h9 i̅ hk

h' l(

(2.14)

is a minimal stomatal resistance value which is modulated by the influence

of the limiting factors including LAI, the downward solar radiation D , the average soil
moisture in the root zone i̅, the air temperature

and the water vapor deficit l( . Then

h represents the conductance functions associated with different control factors, ranging

from zero to unity. h- D

relates canopy conductance to incoming solar radiation (or

light control). h9 i̅ represents the conductance of plants as a function of moisture

availability. hk

and h' l(

represent the conductance associated with temperature

and the stomatal conductance related to vapor pressure deficit, respectively. In DCHM,
the forms of different conductance functions h are provided in Table 2-1.
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Table 2-1: Formulas for conductance functions.
f9 θp
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(Kumar et al., 2011)
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(Stewart, 1988)

f' vst

=1 − 0.6‰< l( ?

× 1−Š

(Oren et al., 1999)

where i|( is the wilting point, and i…^ is the field capacity, representing a critical value
above which evapotranspiration happens at the maximum rate. δ is a species-specific
parameter that describes the sensitivity of stomatal conductance to water vapor
pressure. vst = e − e2 represents the water vapor deficit. R is given in cal/(cm2s) , and

T in degree centigrade.

Root density distribution is calculated based on a two-parameter vegetation root
distribution function (Zeng, 2001): Œ • = 1 −

9

N •& + N •M , where Œ is root fraction at

depth •, ranging from 0 to 1; Ž and • are two parameters related with land cover type.

The shape of vegetation root distribution as a function of depth depends on land cover.
The values of the coefficients Ž and • for IGBP classification are provided in the study of
Zeng (2001).

2.1.1.2 Water Balance
Water balance in the hydrological system is expressed by equation (2.15),
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represents the vertically

downward gravitational drainage flux from the “ Jℎ to the “ + 1
is the upward diffusive flux from the “ + 1

’J

Jℎ

soil layer. The ‘ •-,

to the “ Jℎ layer and is based on the

moisture gradient between the two layers. The diffusion coefficient Dc is assumed to be
K/1000. The I

’M

is the subsurface flow produced in the “ Jℎ soil layer. For instance, I

is the interflow when the “ Jℎ soil layer is in the unsaturated zone, and I

’M

baseflow if the soil layer is under the water table, i.e. in the saturated zone. The I
I

’J

are the extra input and output flow for the “ Jℎ soil layer. When “ = 1, I

; is the infiltration rate and I

’J

’M

is the
and

= ; where

is the sum of bare soil evaporation `C, root uptake

(transpiration) Dc and probably the saturation excess overland flow. While “ > 1, I

vanishes, and I

’J

is equal to the root uptake (transpiration) in the “ ℎ layer.

The infiltration process is represented by the Green-Ampt model (Green and
Ampt, 1911). There are five assumptions underlying the Green-Ampt model (Ferguson,
1994): 1) Soil is homogeneous and stable, implying that macropores and preferential
migration pathways should not be considered, and water infiltrates into the soil as
piston flow; 2) The ponding depth at the surface is neglected; 3) A distinct and precisely
definable wetting front exists, and as water continues to infiltrate, the wetting front
advances at the same rate with depth; 4) The capillary suction below the wetting front is
uniform throughout the profile and constant in time during the infiltration event; 5) The
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soil is uniformly saturated above the wetting front, and the volumetric water content
remains constant above and below the advancing wetting front. The Green-Ampt
equation is given by (Rawls et al., 1993),
; = K :1 +

–•—˜ ™š
@
›

(2.16)

where K is vertical (unsaturated) hydraulic conductivity [L/T]; S• is the effective suction
head at the wetting front [L], which moves water downward into soil zone; ϕ is effective
soil porosity [L3/L3]; θ is the initial soil moisture content [L3/L3]. F is accumulated

infiltration [L], ; is infiltration rate [L/T]. The wetting front suction head, hydraulic
conductivity and porosity can be assigned according to USDA soil textures, unless there
are available adequate soil databases (e.g. STATSGO, SSURGO, etc. as described in
section 2.4.1) for the study region. Three rainfall-infiltration scenarios exist (Mein and
Larson, 1973): 1) R ≤ K , meaning the rainfall intensity R is not larger than the saturated

hydraulic conductivity K , then rainfall is infiltrated into soil, and overland flow will not

occur, as shown by line A in Figure 2-2; 2)K < D ≤ fs , meaning the rainfall intensity R is
less than the infiltration capacity fs but greater than the saturated hydraulic conductivity

K , rainfall is infiltrated into soil until surface becomes saturated (ponding occurs), as

demonstrated by line B of curve BC in Figure 2-2; 3) K < fs ≤ R, meaning the rainfall

intensity R is larger than the infiltration capacity fs , so the infiltration rate is at

infiltration capacity and then decreasing asymptotically to K , as demonstrated by curve
C and D in Figure 2-2.
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Figure 2-2: Different cases of infiltration behavior (Mein and Larson, 1973).
The unsaturated hydraulic conductivity K is calculated from the following
relationship (Campbell, 1974b),
θ Ÿ
K θ =K Q Y
∅

(2.17)

where K is the saturated hydraulic conductivity, ∅ is soil porosity and n is a soil
parameter, n=3+2/λ in which λ is the pore-size index (Campbell, 1974b; Clapp and
Hornberger, 1978a; Rawls et al., 1993).

2.1.1.3 Flow Routing Scheme
In this section, the routing scheme for surface flow (including channel flow and
overland flow) is described in detail. Subsurface flow is estimated at each grid element
in each soil layer after resolving the vertical water flux (infiltration and gravity flux), and
then is routed to channel segments by a lateral subsurface flow routing scheme which is
described in (Yildiz, 2001), and is not repeated here.
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a) Overland flow routing
Infiltration-excess (Horton) overland flow or saturation-excess (Dunne) overland
flow are estimated at each grid element and routed by a one-dimensional kinematic
wave approximation along the down-slope direction, assuming a linear flow surface
across grid cells (Yildiz and Barros, 2007). Kinematic wave is the simplest solution and
widely used as an appropriate approximation for overland flow over areas with steep
slopes (Ponce, 1989), and is also used for overland flow routing in the previous version
of the DCHM.
Manning’s equation for overland flow can be expressed as q = α h m , where

α = S / n , where n is the Manning constant. For laminar-turbulent flows, the exponent
m is in the range 5/3 to 3 (Ponce, 1989). In addition, for overland flow with very shallow
water depths the friction usually is substantial. Thus an effective roughness parameter
(resistance factor) N in lieu of the Manning constant n is used (Ponce, 1989). Here q is
the discharge per unit length or width (L2/T). The total discharge then is

Q = q × W = α h mW , where W is the width perpendicular to the flow direction.
The one-dimensional kinematic wave equation with lateral flow is expressed as
equation (AP.12) in the appendix (also see the notation and units in the appendix). A
forward-in-time and backward-in-space finite difference scheme is utilized to estimate
the unknown flow at node (i+1,j+1) from the known flows at nodes (i,j) and (i+1,j) of the
previous time step. Here i represents the grid in space and j indicates the grid in time.
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Rearranging equation (2.18), one can obtain the explicit finite difference solution,
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where routing parameters A1, A2, and A3 are determined by the Courant number C as
A1 = C, A2 = 1-C and A3 = C. Note I£ is the lateral flow per unit length [L2/T] (see the
appendix) and

£

is the volumetric lateral flow [L3/T]. The Courant number is defined as
=

the ratio of wave celerity to grid celerity,

^

∆¤/∆J

where E = ¥Z is the wave celerity (see

the appendix). This scheme is stable when C is less than or equal to 1, meaning wave
celerity is less than or equal to the grid celerity.
To avoid computational instability, a backward-in-time and forward-in-space
scheme is included as a conservative form of the finite difference scheme, and is given
as:
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Then,
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where B1 = (C-1)/C, B2 = 1/C and B3 = 1. The routing parameters are considered to vary
in time and space and are estimated at each time step from the mean flow velocity
obtained by solving the Manning’s equation for the flow depth with a wide channel
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approximation. A representative flow rate is calculated by averaging the known and the
unknown flows through an iterative procedure (Ponce, 1989; Tang et al., 1999).
As described in the appendix, kinematic wave assumes the friction slope is equal
to the bed slope and that the gravitational and shear forces are dominantly significant,
while the inertial and hydrostatic pressure forces are not, thus the hydraulic diffusion is
not explained in the method. Although hydraulic diffusion is negligible in mountainous
areas with steep slopes, for large basins where topographic terrain and flat floodplain
coexist (e.g. the UZRB) the kinematic wave may not be a good approximation, because
hydrostatic forces may become more important and thus diffusion may be quite
significant over mild steep to flat regions (Ponce, 1989).
Thus, the diffusive wave approximation is also implemented in the DCHM.
Specifically, discretizing the diffusive wave equation (AP.14) (as shown in the appendix)
by finite difference method in the space-time plane again using the forward-in-time and
backward-in-space scheme,
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Rearranging, one can obtain the implicit finite difference solution,
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, again C is the Courant

Similar to (2.20), using the backward-in-time and forward-in-space scheme, we
have,
¡•-

∆

−

¡

¡••-

+c

−
∆O

= ‘a

§

¡•¡••-

−
∆O

¡•-

−

¡•-

∆O

−
∆O

¡••-

¨

(2.24)
+ cI£

Then, similar to (2.21),
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b) Channel/River routing
The Muskingum-Cunge method with variable parameters is utilized in the
DCHM for channel routing without significant backwater effects (Ponce and Chaganti,
1994; Ponce et al., 1978a; Ponce et al., 1978b; Ponce and Lugo, 2001; Ponce and Yevjevich,
1978; Yildiz, 2001).
The Manning Equation for channel flow can be expressed as Q = α Am , where

α = S / n , where n is Manning’s roughness coefficient for channel flow(Chow, 1959),
and A is flow cross-sectional area. Parameters of α and m depend on various channel
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shapes, e.g. m=5/3 for the case of a wide channel (for which the wetted perimeter is
independent of flow area) governed by Manning friction (Ponce, 1989).
The Muskingum-Cunge formulation by finite difference approximations is
written as (Ponce and Yevjevich, 1978; Yildiz, 2001),
¡••-

=

where the routing coefficients
D ,
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= 1+C−D / 1+C+

= 2C/ 1 + C + D , where C is the Courant

number and D is the Reynolds number, defined as ‘ =

-®

, in which the I is the unit-

¯® ^∆¤,,

width discharge rate.
Similar to the calculation for overland flow, here the width of the channel reach
is explicitly required in order to iteratively solve the flow depth and the unit discharge
rate from Manning’s equation. However, unlike the width used in overland flow (i.e.
spatial resolution or the diagonal distance), channel width is spatially varying in the
basin. Assuming the width of a particular channel pixel is changing proportionally with
the contributing area represented by the flow accumulation in the DCHM, the channel
width at (x,y) is calculated by the following equation,
ŽEE O, ° − ± hr
+ •e
ŽEEe&¤ − ± ℎb

• O, ° = •e&¤ − •e

where •e&¤ is the maximum channel width and •e

(2.27)

is the minimum channel width in

the basin. In such a way, •e&¤ is at the basin outlet and •e

is at the first pixel

becoming a channel pixel (i.e. flow accumulation ŽEE O, ° is equal to a threshold ± hr).
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The two parameters, •e&¤ and •e , , usually are assigned according to field data if
available, or else can be estimated from other data sources (e.g. Google earth images).
Another implicit assumption for river networks is that the river segment is located at the
center of each channel pixel, which might not cause much difference at fine spatial
resolution, but will lead to large differences in streamflow simulations at very coarse
resolution. To fully understand the impacts of the river locations on streamflow
simulations, a stochastic framework should be considered to investigate such effects and
quantitatively understand the uncertainty associated with the river implementation.

2.1.2 Coupling between a groundwater model and the DCHM
2.1.2.1 Groundwater flow model
The governing equation describing groundwater flow in a confined or an
unconfined aquifer is given in equation (2.28) following (Bear, 1979),
ℎ

=∇∙

∙ ∇ℎ + D O, °,

(2.28)

where ∇ ∙ and ∇ denote the divergence and the gradient operators in the xy-plane, h is
piezometric head, S is the storability S(x,y) for a confined aquifer and is the specific yield
Sy(x,y) for an unconfined aquifer; T=T(x,y) is the transmissivity, R(x,y,t) indicates source
(i.e. recharge) or sink (i.e. pumping discharge). Here we assume there is no any
pumping and artificial recharge. Thus, R(x,y,t) indicates the natural recharge from the
above vadose soil zone, the recharge or discharge from the interaction with streams and
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the transboundary groundwater flux from or to the adjacent aquifers. Equation (2.28)
describes the mass balance at a particular cell. When applying the single cell equation to
a 2D domain, a cell-centered grid system is constructed as in Figure 2-3.

Figure 2-3: Cell-centered finite difference approach (adapted from Bear and Cheng,
2010)
For a cell (i, j), the groundwater discharges are represented at the mid-points of
the four boundary segments denoted as (Qx)i-1/2,j, (Qx)i+1/2,j, (Qy)i,j+1/2 and (Qy)i,j-1/2. Then
assuming no sink/pumping (P=0), the mass balance for this cell turns to,
,¡ ∆O
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(2.29)

where Si,j is the storage coefficient.
There is an explicit scheme (2.30) and an implicit scheme (2.31) for solving the
groundwater discharges,
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In the implicit scheme (adopted in MODFLOW, etc.), the groundwater
discharges are expressed as,
Q½
Q½
where ∆x •¾ =
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T •¾,· =
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9
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(2.32)

¸•h¸••-,· − h ,·
•
9

(2.33)

∆x
∆x

and the transmissivities are T •¾,· =
«

Á˜¿¾,Â •Á˜,Â
9

,

. Substituting (2.32), (2.33) and etc. into (2.29) can reach a linear equation,

which is usually iteratively solved.
Based on the concept of Bear’s cell-centered approach, the groundwater fluxes
are calculated from eight boundary cells in the DCHM. In addition, ∆x = ∆y is assumed.
The explicit scheme (2.30) is adopted to obtain the following equation for mass balance,
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S ,· ∆x∆y

h7•∆7
− h7,·
,·
∆t

= T½- h7•-,· − h7,· + T½9 h7•-,· − h7,·

+ TÃ- h7,·•- − h7,· + TÃ9 h7,·•- − h7,·

(2.34)

+ T½Ã- h7•-,·•- − h7,· + T½Ã9 h7•-,·•- − h7,·

+ T½Ãk h7•-,·•- − h7,· + T½Ã' h7•-,·•- − h7,·

where the transmissivity T½- =

Á˜,Â •Á˜¿¾,Â
9

, etc., and T ,· = K ,· d ,· , here K ,· and d ,· are the

saturated hydraulic conductivity and aquifer thickness of cell (i, j), respectively.
Even though the above approach was developed for a confined aquifer, it can be
also applied in an unconfined aquifer. The mechanism of water storage and release in an
unconfined aquifer is the drainage and filling of the pore space, while the mechanism of
storage in confined aquifers is associated with the compressibility of the water and the
porous matrix (Charbeneau, 2006). The storativity for an unconfined aquifer then
becomes specific yield Sy, which is defined as the volume of water that an unconfined
aquifer releases from storage per unit surface area of aquifer per unit decline in the
water table (Freeze and Cherry, 1979).

2.1.2.2 Groundwater-surface water interaction
Interaction between streams and aquifers are modeled by the exchanging flow
through streambed,
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Q
where Q

&

&

= Åf^

ℎ& − ℎ
•

(2.35)

is a volumetric flow between a stream and the aquifer below [m3/s], Åis the

hydraulic conductivity of the streambed [m/s], f^ is the flow cross sectional area area

that is computed as the product of the stream width and stream length [m2] , • is the
thickness of the streambed [m], ℎ is the head in the stream which is the sum of the

water depth ℎ in the channel and the elevation of the top of the streambed [m], and the

ℎ& is the piezometric head in the aquifer [m]. When ℎ& is larger than ℎ , Q & is positive
indicating the stream is gaining water from the aquifer (i.e. discharge scenario). On the
contrary, if ℎ is larger than ℎ& , the stream loses water and the Q & is negative (i.e.
recharge scenario). The soil moisture in the channel pixel is updated after the calculation
of surface-groundwater interaction. Note the channel width increases when moving
from upstream to downstream as described in section 2.1.1.3, and thus it is possible that
the channel width becomes on the same order of the spatial resolution, which directly
influences the soil moisture update in the channel pixel. However, unless the water table
rises up to the same level as the water depth in the channel, currently the soil moisture
updating in a channel pixel is the same as the updating in an upland pixels (i.e. without
consideration of the river body).
During a long-term extreme drought scenario, the groundwater might be
disconnected from the stream. In such case, the leakage flow is modeled as,
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Q

&

= Åf^

Then in such a manner, the computed Q

−ℎ
•

& is

(2.36)

still negative (i.e. recharge scenario),

consistent with Eq. (2.35). Note in the situation that there is no hydraulic contact
between streams and the aquifer, the leakage rate is independent of the water level in
the aquifer (Bear, 1979).

2.1.2.3 Groundwater–vadose zone interactions
A free gravitational drainage or a fixed water table is usually assumed as the
lower boundary condition for unsaturated flow in the vadose zone in land-surface
hydrological models that do not include three-dimensional groundwater flow.
However, the water table changes dynamically due to the 3D groundwater flow and the
interactions between aquifers and streams. A changing water table is coupled
dynamically into the DCHM serving as the lower boundary condition, i.e. the saturatedunsaturated flow interaction has to be incorporated. In the DCHM, the interactions
between saturated and unsaturated soil water flow are simulated through incorporating
a transient soil layer between the unsaturated zone and the unconfined aquifer (i.e. a
base layer with changing thickness).
The
±−1

±−1

Æ•-,Æ

in equation (2.15) indicates the gravitational flow flux from the

J

soil layer to the transient soil layer, which extends from the bottom of the

J

soil layer to the top of the aquifer (water table). Thus, this transient soil layer
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serves as the bottom boundary layer for the unsaturated flow and as the upper
boundary layer for the groundwater flow. The soil moisture content in this ± J transient
layer might increase or even reach saturation due to the capillary force which pulls
water from the aquifer to this transient layer.

2.1.3 Model Parallelization
To conduct data assimilation studies, a large number of replicates of hydrologic
states need to be simulated (i.e. an adequate ensemble size), which requires significant
computational power. Parallel computing can significantly speed up the computation
and perform the tasks efficiently, simply by allocating ensemble members for many
processors.
Besides the computation needs due to large ensemble size, distributed
hydrological modeling in a large watershed at high resolution alone requires very large
computational loads. Parallel computing for a distributed hydrological model is very
complicated due to the complex self-organization of watersheds. Here, an algorithm that
can automatically parallelize large basins for distributed hydrologic modeling was
developed. The core of the algorithm is a stream-network topology coding scheme,
which is based on a stream coding method developed by Wang et al. (2013). The
algorithm assumes that each channel pixel is associated with a code consisting of three
elements (X, Y, Z). “X” represents the flow level, increasing from the downstream
(outlet) to the upstream (headwaters). “Y” represents the order of the pixel at the current
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level, increasing from the left zero to the right, clockwise along the eight flow direction.
“Z” equals the “Y” value of the parent node.
After constructing the topology of the river network, sub-basins are identified
and dispatched to processors as sub-tasks from upstream to downstream (No. of
processors = N) as in the following steps:
1. Specifying the number of barriers (NB), the flow level is divided into NB+1
intervals; Each lower bound of the level interval is a barrier; The routing will
continue to the next downstream interval only if all the upstream sub-basins
identified by the barriers are completely computed.
2. For each barrier level, first the flow accumulations at the nodes at this level are
collected; then the collected flow accumulations from the largest to the smallest
are sorted; at last, the first N nodes are dispatched to N processors. If the total
number of the nodes at this level is smaller than N, all the nodes can be
dispatched to different processors.
3. Find all the downstream (parent) nodes of the identified nodes at next barrier
level, subtracting the flow accumulations at all the downstream (parent) nodes at
next barrier level by the flow accumulations at the identified upstream nodes
already computed.
e.g. current node is (ir, ic)
downlevel=Plevel(ir,ic)-1;
downorder=PdownOrd(ir,ic);
for jj=downlevel:-1:barrierlevel(i+1)
%find downstream (parent) nodes
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[irr,icc]=find(Plevel==jj&PcurrentOrd==downorder);
downorder=PdownOrd(irr,icc);
if jj==barrierlevel(i+1)
%reach the next barrier
facc(irr,icc)=facc(irr,icc)-facc(ir,ic);
end
end
4. Go to the next barrier level, repeat step 2 and 3, until reaching the outlet.
All the upstream catchments have to be simulated before moving to downstream
sub-basins, which is achieved by setting barriers at certain flow levels. The routing will
continue to next downstream sub-basins only if all the upstream sub-basins at the
last/previous barriers are completely computed. The parallelization scheme changes
with the number of barriers. At each barrier level, the number of sub-basins varies, and
thus the number of processors needed also varies. Therefore, the total number of
processors is determined by the maximum number of processors among all the barrier
levels. The computational speed then is controlled by the largest sub-basin at each
barrier level, which takes more time than other tasks on other processors. The best
parallelization scheme then is the one with a certain number of barriers that provides the
minimum sum of the largest contributing area at each barrier level. An example of
parallelizing the UZRB for the DCHM is shown in Figure 2-4, with the number of
barriers as 10 and the total number of processors as 30.

46

Figure 2-4: An example of implementation of the parallelizing scheme for the UZRB.
The total number of barriers is 10, and the maximum processors needed are 30.

2.1.4 Model Implementation
2.1.4.1 Data preparation
The most basic data required for hydrological modeling are geomorphological
features, specifically the DEM (digital elevation model) and flow directions. There are
many data sources for DEM, including the National Elevation Dataset (NED), SRTM
(Shuttle Radar Topography Mission), and GTOPO30 (Global 30 Arc-Second Elevation),
etc. The flow directions then are calculated from DEM data assuming only one flow
direction following the steepest slope in a particular pixel using D8 (eight flow
directions)-like coding method, which can be conducted in ArcGIS. Besides DEM and
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flow direction, hydrological units and stream networks can also be obtained from USGS
and used for verifying the delineation of watershed and the flow accumulation
threshold (Nthr) used for identifying channel pixels in the DCHM, which will be further
discussed in section 2.1.5.
Table 2-2: Summary of the datasets required by the DCHM (N=number of row,
M=number of column, T=number of time step).

SIZE

FORMA
T

TYPE

Unit

N×M

ASCII

real

m/s

N×M

ASCII

real

m3/m3

N×M

ASCII

real

m3/m3

N×M

ASCII

real

m3/m3

N×M×T

BIN

real*4

-

N×M×T

BIN

real*4

-

N×M×T

BIN

real*4

-

N×M×T

BIN

real*4

-

N×M×T

BIN

real*4

kg/kg

N×M×T

BIN

real*4

K

N×M×T

BIN

real*4

mb

N×M×T

BIN

real*4

m/s

N×M×T

BIN

real*4

m/s

Incoming longwave radiation

N×M×T

BIN

real*4

W/m2

Incoming shortwave radiation

N×M×T

BIN

real*4

W/m2

N×M×T

BIN

real*4

mm/Dt

Input Fields
Saturated hydraulic conductivity
Porosity
Field capacity
Wilting point
Albedo
Emissivity
Fractional vegetation coverage
Leaf area index

Data Source

STATSGO,
SSURGO, HWSD,
etc.
Remote sensing
products, such as
MODIS.

Specific humidity
Air temperature
Air pressure
Wind velocity (EW)
Wind velocity (NS)

Precipitation

Reanalysis
product, such as
NARR.
Ground radarbased QPEs, such
as Stage IV,
Q2/Q3, etc., or
satellite-based
QPEs, such as
TRMM 3B42.

In addition to the basic data representing basin-geomorphology, two categories
of data are required by the DCHM, including time-invariant soil hydraulic properties
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(i.e. soil hydraulic conductivity, porosity, field capacity and wilting point) and timevariant data which consist of atmospheric forcing data (i.e. air pressure, air temperature,
wind velocity, specific humidity, incoming longwave and shortwave radiation, and
precipitation) and landscape attribute data (i.e. albedo, emissivity, leaf area index and
fractional vegetation coverage). Primary datasets are summarized in Table 2-2.
Table 2-3: Soil layers defined in STATSGO

Layer
1
2
3
4
5
6
7
8
9
10
11

Thickness
5cm(2in)
5cm(2in)
10cm(4in)
10cm(4in)
10cm(4in)
20cm(8in)
20cm(8in)
20cm(8in)
50cm(20in)
50cm(20in)
50cm(20in)

Depth to Top
0cm(0in)
5cm(2in)
10cm(4in)
20cm(8in)
30cm(12in)
40cm(16in)
60cm(24in)
80cm(31in)
100cm(39in)
150cm(59in)
200cm(79in)

Depth to Bottom
5cm(2in)
10cm(4in)
20cm(8in)
30cm(12in)
40cm(16in)
60cm(24in)
80cm(31in)
100cm(39in)
150cm(59in)
200cm(79in)
250cm(98in)

Soil hydraulic parameters can be extracted from (inter)national soil data sets, e.g.
the State Soil Geographic (STATSGO) database 4 . The minimum value of vertical
saturated hydraulic conductivity of the top 10 standard soil layers in STATSGO should
be used for aggregating soil layers assuming the layer with the minimum hydraulic
conductivity controls the time-scale of overall hydrological response. The standard soil
layers defined in STATSGO are given in Table 2-3. With spatially varying soil depth, the

4

http://soils.usda.gov/survey/geography/statsgo/
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STATSGO layers within each soil layer used in the DCHM should be calculated first,
then then the corresponding soil parameters can be calculated based on the values from
the identified STATSGO layers.
Landscape attribute data are generally extracted from remote sensing observations,
e.g. MODIS products5. Most of the MODIS products are in Integerized Sinusoidal Grid
(ISG) or geographic projection (CMG) at various spatial and temporal scales. These
products should be re-projected to the same projection (e.g. UTM17N at WGS84),
composited to the study area, and then interpolated to basin grid cells. At last, coarse
temporal-resolution data (daily, 8 day or 16 day) are interpolated into a correspondingly
complete coverage period, and then interpolated into high temporal-resolution data.
Detailed procedures regarding generating high-quality landscape attribute data and
removing cloud contamination from remote sensing products are described in (Tao and
Barros, 2014b).
Atmospheric forcing data can be extracted from reanalysis datasets, such as North
American Regional Reanalysis (NARR) and ERA-Interim. The atmospheric forcing
datasets required in DCHM include air temperature, air pressure, wind velocity, specific
humidity, and downward radiation (shortwave/solar radiation and longwave/thermal
radiation).

The air temperature, air pressure, wind velocity and specific humidity

should be at the same measurement height, e.g. 2m or 10m. Reanalysis fields of these

5

https://lpdaac.usgs.gov/products/modis_products_table
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variables are generally available at coarse spatial and temporal resolution (e.g. 32-km
and 3-hourly for NARR).

Linear interpolation can be utilized to interpolate

instantaneous fields to higher temporal resolution, such as air pressure, air temperature,
wind and specific humidity, but a more appropriate interpolation algorithm accounting
for diurnal cycle should be used for radiation fluxes. In addition, downscaling reanalysis
fields from coarse to finer resolution for the DCHM should account for elevation and
topographic effects, and cloudiness correction as well especially in mountainous regions.
A specific study devoted to generate high-resolution atmospheric forcing data sets for
hydrological modeling can be found in (Tao and Barros, 2014c).
The most important forcing data for hydrological modeling are precipitation,
usually obtained from radar-based Quantitative Precipitation Estimates (QPEs) products
either from ground or satellite. The overall accuracy problems associated with radarbased QPEs in mountainous regions have been discussed earlier. Consequently, some
effective adjustments should be applied to improve the accuracy of the precipitation
data used in the DCHM, which will specifically revisited in Chapter 3 to 5. In addition,
an appropriate downscaling algorithm should be used to generate precipitation data at
high spatial resolution from coarse resolution. For example, a transient multi-fractal
downscaling method was used to downscale StageIV from 4km to 1km as described in
(Nogueira and Barros, 2014).
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2.1.4.2 Model initialization and spinup
Errors and uncertainty in the initial soil water and aquifer storage can severely
affect hydrologic simulations. To alleviate this impact, an appropriate spinup procedure
is necessary for minimizing errors in initial conditions especially for an uncalibrated
hydrologic model (Ajami et al., 2014; Chen et al., 1997; Cosgrove et al., 2003; Liang et al.,
1994; Rodell et al., 2005; Wood et al., 1998; Yang et al., 2011; Yang et al., 1995). Although
there are many different approaches and criteria for conducting spinup, there is no
unified and universal method. Here, spinup is conducted repeatedly as many times as
needed (e.g. 10 times) using the final conditions from the previous simulation as initial
conditions for the next simulation with the same forcing until skill scores such as the
NSE (Nash-Sutcliffe Efficiency) (Nash and Sutcliffe, 1970), the KGE (Kling-Gupta
Efficiency) and the modified KGEmod (Gupta et al., 2009; Kling et al., 2012) do not change
(i.e. within 1% difference), or until the flow difference between last and the current
spinup is very small, i.e. the system reaches equilibrium, resulting in small streamflow
residuals, as demonstrated in Figure 2-5.
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Figure 2-5: An example showing the spinup for a four water years simulating period
repeated 10 times.
As can be seen from the Figure 2-5, the NSE, KGE and KGEmod of the whole four
water-year period calculated at hourly time step for each repeating spin-up in three
small basins increase/improve with repeated spin-up times for all three basins,
illustrating the impact of improved initial conditions on hydrologic simulation fidelity.
The skill scores reach a plateau above which no further improvements are achieved after
about five spin-ups, indicating that the model reached internal equilibrium and the
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maximum predictive skill given the atmospheric forcing and current model
parameterization.

2.1.5 Model Parameterization and Transferability
2.1.5.1 Parameterization
The DCHM is an un-calibrated, highly complex model as demonstrated in the
description above. Model parameters usually are specified as per standard practice
based on ancillary data and literature review and some adjustments to match persistent
patterns such as the shape of the recession curve (e.g. Linsley et al., 1982).
Specifically, parameters describing the basin geomorphologic characteristics are
determined by sensitivity analysis to match known patterns or properties. For example,
the number of pixels that is used as a threshold (Nthr in equation 2.27) of contributing
area for becoming a channel network varies with grid resolution. This number is
selected iteratively by comparing the channel network derived by the DCHM against the
stream network database (e.g. USGS NHD-National Hydrography Dataset).
The spatially varying soil depth is estimated using two alternative approaches,
the Z-method (E.q. 2.37) and S-method (E.q. 2.38) (Saulnier et al., 1997):
• O, ° = •e&¤ − •e&¤ − •e
• O, ° = •e&¤ − •e&¤ − •e
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> O, ° − >e
>e&¤ − >e

Ž<i O, ° − Ž<ie
Ž<ie&¤ − Ž<ie

(2.37)

(2.38)

where • O, ° is the estimated total depth of the middle and deep soil layers at pixel
O, ° ; •e&¤ and •e

>e , ie&¤ and ie

are the maximum and minimum depths respectively; >e&¤ and

are the corresponding maximum and minimum elevations and

slope angles. The Z-method assumes that soil depths increase as elevation decreases.
The S-method assumes that soil depths increase as topographic slope decreases, because
soil cannot accumulate on steeper slopes due to erosion and landslides. Usually, the Zmethod tends to result in too thin soil depth at very high elevations, while the soil depth
in the valleys calculated by the S-method tends to be too thick. Consequently, the mean
of the soil depth estimated by the two methods is adopted in the DCHM. The ratio of the
thickness of the second to the third layer is 2:3 to roughly represent root density
distribution. This will be described more in detail in Chapter 4.
Another particularly important parameter is the horizontal and vertical scaling
factor for the saturated hydraulic conductivity Ksat. The spatial distribution of Ksat
values extracted from the STATSGO as described above usually is modified to
incorporate infiltration rates determined experimentally in regional field experiments,
directional anisotropy relationships from regional geologic studies, and an exponential
decrease with soil depth based on literature review and comparison between the shape
of the recession curve in the model and streamflow observations. For each watershed,
the vertical decrease for Ksat with soil depth was determined as a function of soil
texture and position in the hillslope (Amoozegar et al., 1991; McKay et al., 2005; Price et
al., 2010; and2011; Schoeneberger and Amoozegar, 1990), and the initial lateral Ksat in
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the unsaturated zone was assumed to be three orders of magnitude larger than the
vertical Ksat in the two top soil layers, with higher values where the stone fraction in the
soils is higher (Carlson, 2010; Freeze and Cherry, 1979). The final scaling factors were
obtained through sensitivity analysis to match the curvature and slope of the observed
subsurface runoff recession curves as measured by the time rate of change of subsurface
from test simulations (Chen and Kumar, 2001; Yildiz and Barros, 2005; 2007). Note
although the DCHM is fully-distributed, the scaling factor is spatially constant (i.e.
controllable) thus accounting for uncertainty associated with the obtained soil data, the
various spatial resolutions, and so on. Other parameters were specified based on
personal inspection and a survey of the literature and prior studies (Campbell, 1974a;
Chow, 1959; Clapp and Hornberger, 1978b; Dickinson et al., 1993; Jackson, 1981; Price et
al., 2010; 2011; Yildiz and Barros, 2005; 2007; 2009). Specific parameters for each study
will be provided in detail in Chapter 3-5.

2.1.5.2 Model Transferability: Structural Stability and Scalability
Transferability refers to the model’s potential for implementation in different
climate and physiographic regions without the need to make structural changes to the
model core. That is the generally the case for physically-based models formulated based
on first principles and without empirical parameterizations of specific processes that
necessarily require calibration. Occasionally, as described in Chapter 6 of this thesis, a
new physical parameterization is added to the model (e.g. wetlands storage-discharge
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processes) where they occur, but the core model structure stays the same. Nevertheless,
it is always necessary to specify the physical parameters and boundary conditions that
govern process dynamics, which requires that such data support is available.
Another aspect of transferability is model scalability, that is, the reproducibility
of model results at different spatial resolutions. Whereas the model formulation per se
is scale independent, upon discretization, the algebraic approximations of the equations
in the numerical model are intrinsically tied to the grid resolution. For simple models,
methodology to determine the sensitivity of the numerical solution to grid resolution is
well established.

In the case of complex multi-physics models such as hydrologic

models, nonlinear behavior as well as the large number of parameters and model
variables involved prevent systematic analysis.

Nevertheless, as long as the relevant

physical scales can be captured at the model resolution, then differences among model
results at different resolutions should be small for the corresponding variables, though
not necessarily for all model variables. For example, Yildiz and Barros (2009) show that
while the streamflow forecasts using a distributed model at 5km and 1km spatial
resolution are quite similar, the relative contributions of surface runoff and interflow are
completely different due to the difficulty in capturing steep pressure head gradients at
coarse resolution.
Determining the sensitivity of a model’s simulation results to spatial resolution
is therefore a critical component of assessing the model’s scalability. Another related
issue is the specification of model parameters at various scales. The one-dimensional
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version of the DCHM was initially investigated by Devonec and Barros (2002), who used
the same version of the model for various multi-year simulations from plot to catchment
scale to continental scale (at 1°×1° resolution).

They showed that the model could

capture essential hydrological features in different physiographic and climatic regions at
the various scales. Although the current version of DCHM is quite different from the 1D
version, the modeling philosophy and numerical methods remain largely unchanged. In
addition, different versions of the model have been applied to different regions without
calibration or adjustment of the model core with success.
Regarding the specification of parameters, the general rule of model
transferability is that sub-grid processes should be accounted for with spatially effective
representativeness (Bormann et al., 2009) . For instance, saturated hydraulic conductivity
Ksat should take the minimum value of all vertical layers as described in section 2.1.4.1,
because the minimum Ksat is the value that controls the subsurface response locally (e.g.
Yildiz and Barros 2004 and 2007). In addition, there are always trade-offs between data
uncertainty and data availability for hydrologic modeling. Without sufficient data
support at various spatial scales, appropriate upscaling or downscaling methods are
necessary to represent sub-grid variability
The estimation of most parameters in the DCHM automatically adjusts for the
spatial scale at which the model is implemented. For instance, spatially varying soil
depths will change along with changes in spatial resolution, i.e. elevation and slope in
equations (2.37) and (2.38) are different at various resolutions thus resulting in different
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soil depths, and the subsurface flow cross-sectional area determined by soil depth
automatically changes. This is an improvement over the model formulation used by
Yildiz and Barros (2009).

Nevertheless, other critical parameters including scaling

factors for horizontal Ksat, river networks threshold initiation area, Manning’s
roughness, etc., must be specified and require special attention (Tao and Barros, 2014b
and 2014c).
Initial soil moisture conditions and water table depths can also be affected by the
implementation of the model at different scales. For instance, high soil moisture at fine
spatial resolution will be lowered at coarser scales due to spatial averaging that smooths
the spatial variability. This artifact can be corrected by the model spin-up procedure
described in section 2.1.4.2. Overall, with appropriate implementation, the transferability
of the DCHM is robust, as will be demonstrated in this thesis with implementations of
the model at 250m and 5km resolutions. This issue will be revisited in Chapter 7 using a
specific simulation example.

2.2 Hydrologic Data Assimilation System (HDAS)
Data assimilation provides an optimization framework to merge multiple
observations and model predictions and then improve simulation results (McLaughlin,
2002). Evensen (1994) proposed the Ensemble Kalman Filter (EnKF), which does not
require the linearization of the model or the calculation of a tangent linear model. Thus,
the EnKF and the EnKF-like schemes are very suitable for highly nonlinear hydrological
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models with very large dimensionality, e.g. the DCHM, of which the nonlinearity has
fully described in section 2.1. In this study, various sequential data assimilation
techniques including the EnKF (Ensemble Kalman Filter) (Evensen, 1994; Evensen,
2003), the fixed-lag EnKS (Ensemble Kalman Smoother) (Evensen and van Leeuwen,
2000), and the asynchronous version of EnKF (AEnKF) (Rakovec et al., 2015; Sakov et al.,
2010) are applied to assimilate discharge observations into the DCHM, thus developing
a Hydrologic Data Assimilation System (HDAS) for investigating the hydrological
forecasting predictability in mountainous regions (e.g. the Southern Appalachians),
which could also be used for improving the assessment of the water resources in the
UZRB in the future.

2.2.1 Data Assimilation Algorithms
Data assimilation schemes include two models, a state equation or forward
model relating hydrologic states with hydrological processes (i.e. the hydrological
model), and an observation or measurement model that relates hydrologic states with
observations.
The forward model propagates the states in time, and can be represented using
equation (2.39),
O

=ℱ O

− 1 , !, c
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,È

,

(2.39)

where O

is the state vector, ℱ then is the DCHM, ! represents time-invariant data sets

or model parameters, c

represents time-variant data sets, and È

is the uncertainty

in the system model. Given the uncertainty, an ensemble of a number of replicates of the
state vector is propagated from t-1 to t. Each replicate of the state vector can be written
as OÉ

where j is the jth replicate out of the total ensemble size Ne. In this study, the

control variables include soil moisture from each soil layer at all the pixels within a
Ì •
•
basin, i.e. OÉ = [i1 , … , i± , iÌ
1 , … , i± , i1 , … , i± ]É where i∗ is the soil moisture at the top soil
•
layer, iÌ
∗ is the soil moisture at the middle soil layer, and i∗ is the soil moisture at the

deep soil layer. Î is the total number of basin grids, then the size of OÉ is ÎÏ × 1 where
ÎÏ = 3Î is the total number of control variables/states.

The measurement model ℳ maps the state vector O
>

=ℳ O

to observations >

+x t

,

(2.40)

where x t represents the uncertainty associated with the observations, distributed with
a zero mean and a covariance matrix

Ñ.

Given Ne replicates of the state vector, there are

also Ne realizations of the estimated measurement vector, i.e. ℳ =O¡

?. Here >

can

be the discharge observations at stream gauges, or GRACE TWS observations, or the
satellite-based brightness temperature, etc.
In the ensemble DA scheme, the propagated ensembles and measurements are
assumed to be jointly Gaussian (McLaughlin, 2002). Then, the true state vector
conditioned on measurement >¡

can be obtained by updating each background
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replicate. The essential differences in various ensemble data assimilation schemes are in
the different updating schemes.
2.2.1.1 Ensemble Kalman Filter (EnKF) and Asynchronous EnKF
In the EnKF, the updating equation is given by,
O¡•
where O¡•

= O¡

+Å

− ℳ =O¡

Q>¡

represents the updated states, and Å

?Y

(2.41)

is the so-called Kalman gain matrix,

and is calculated as,
Å
where

ÒÓ

=

ÒÓ

Ó

+

Ñ

•-

(2.42)

is the error cross covariance between state vector and estimated

measurements,

Ó

and

Ñ

is the error covariance matrix associated with the predicted

measurements and the observations, respectively.
The AEnKF is a modified version of the EnKF, which augments the state vector
with past estimates within a certain time window, and accounts for mismatches between
historical estimates and observations also at times different from the assimilation time.
The AEnKF is equivalent to a 4D-Var method but does not need a tangent linear or
adjoint model (Sakov et al., 2010), and thus the AEnKF can better handle non-linear
problems than the EnKF.
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2.2.1.2 Ensemble Kalman Smoother (EnKS)
In the EnKS, the updating is not just applied for the current time step, but also
applied for the previous time steps in an assimilating time window T, indicated by
equation (2.43),
O¡Ô•

where Ö¡Ô

= ℳ =O¡Ô

= O¡Ô

+ Å Õ>¡Ô

− Ö¡Ô

×

(2.43)

?, and the Kalman gain now is expressed as,
ÅÔ = [

ÒÓ

Ó

+

Ñ

•- ]

Ô

(2.44)

The assimilating time window T indicates that the update will be performed for
multiple prior time steps within the time window. The EnKF offers the “first guess” for
the EnKS, and thus EnKS should produce solutions at least as good as the EnKF (Dunne
and Entekhabi, 2006). However, for physically-based and fully-distributed hydrological
models such as the DCHM, the system memory (e.g. soil water distributed in the basin)
cannot be directly explained in the EnKS and thus has to be propagated in time by the
model itself (Li et al., 2015). Thus only the states at the beginning of the time window are
updated, and then the updated states are propagated by the DCHM to the current time
step again, and then the system moves forward in time, which will described in detail in
the next section.
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2.2.2 Hydrologic Data Assimilation Framework
Based on various state models and assimilated observations for different
research prospectives, different data assimilation systems can be built. For example,
assimilating microwave brightness temperature requires a radiative transfer model, to
relate surface states with the brightness temperature (Crow and Wood, 2003). To
assimilate GRACE TWSA observations, the measurement model is a simple additive
equation that sum up all the water storage components in the terrestrial system, but the
EnKS has to be used due to the monthly scale of GRACE data (Zaitchik et al., 2008). In
this section, a Hydrologic Data Assimilation System (HDAS) framework was
constructed aiming to assimilate discharge observations into a hydrological model
(DCHM) to improve flood hindcasts and forecasts. Figure 2-6 demonstrates the
flowchart for assimilating discharge observations into the DCHM using the EnKF, the
fixed-lag EnKS and the AEnKF for operational flood forecasts. Generally, the DCHM
propagates hydrological states in time. At a particular assimilation time (determined by
specific application purposes), the error cross covariance between state vector and
model predictions and the error covariance associated with model estimations and
observations are calculated. Then, the Kalman gain matrix is calculated and used to
reduce the ensemble spread by updating the current states for the EnKF, or updating the
antecedent states at t- TW where TW means the assimilation time window. For the
AEnKF, not only are the observations at the assimilation time used, but all the historical
observations within the TW are used in the calculation (i.e. the dimension is different
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from the EnKF and the EnKS). Among the three schemes, the EnKS is the most
computationally expensive scheme, because it updates antecedent states and then
repeats the propagation (i.e. simulation) from t-TW to t for each assimilation time. But
compared to the EnKF, both the EnKS and the AEnKF can account for the time-lag issue
specifically associated with distributed hydrological models as discussed in section 1.2.3.
Consequently, the AEnKF becomes the most attractive scheme due to its relatively
smaller computational burden and its capability to account for the time-lag problem.
More details and the results will be described in Chapter 5.
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Figure 2-6: The flowchart of the Hydrologic Data Assimilation System (HDAS),
illustrated by the example of assimilating discharge observations into the coupled
surface-groundwater flow model (DCHM) for operational flood forecasting.
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3. Flash Flood Nowcasting and Forecasting in
Mountainous Regions
3.1

Introduction
Floods are one of the weather-related hazards causing most deaths in the USA, and

in turn most flood-related deaths are attributed to flash floods(Ashley and Ashley, 2008;
French et al., 1983). For operational purposes, flash floods are rapid flood events that are
characterized by the time-to-peak of the hydrograph being less than six hours
(Georgakakos and Hudlow, 1984; NWS, 2010).

Flash floods typically occur in

mountainous regions where steep slopes and small catchment areas lead to short
rainfall-runoff response times, triggering events such as landslides in the Southern
Appalachians (Barros, 2012; Barros and Lettenmaier, 1993; Viviroli et al., 2011; Wooten et
al., 2008). The objective of this study is to elucidate the relationship between rainfall
forcing and the hydrologic processes that govern flash-flood response in topographically
complex regions toward quantifying QFF uncertainty, and to explore the realizable
improvements that merged Numerical Weather Prediction QPF and satellite
observations can bring to operational QFF in ungauged basins. For this purpose, rainfall
fields derived from Quantitative Precipitation Estimate (QPE) and operational
Quantitative Precipitation Forecast (QPF) products are used to force simulations of flood
events using a high-resolution physically-based hydrological model (DCHM). The focus
is on long duration events such as tropical storms characterized by transient cells of high
intensity rainfall embedded within persistent light and moderate rainfall that can
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produce multiple flash floods along the storm track, and which dominate the
summertime hydroclimatology of natural hazards in the SE US (e.g. Kunkel et al., 2012).
This research shows that the space-time characteristics of interflow dynamics
(subsurface flow in the unsaturated zone) realized by the event-scale convolution of
rainfall forcing and the spatial heterogeneity of hydrologic states and properties,
hydrogeology, topography and geomorphology determines flash-flood response at the
catchment scale, which can be captured well by a very high resolution hydrologic
prediction model if accurate rainfall forcing is available. Uncertainty propagation from
QPE and QPF to QFF is consequently highly nonlinear and, for a given basin, it strongly
depends on storm timing and structure, and is governed by the space-time variability of
interflow response. Consequently, prospects for improvement in QFF skill are linked
primarily to improved QPE and QPF skill at the spatial resolution that resolves rainfallinterflow dynamics.
The organization of the manuscript is as follows. Section 2 presents an overview of
the relevant literature and provides the context for operational practice. Section 3
describes the study area and the storm event of interest, whereas Section 4 describes the
hydrologic model and essential meteorological forcing data except rainfall. Section 5
describes the rainfall datasets. The QFE experiments including uncertainty analyses
through Monte Carlo simulations are described in Section 6. Section 7 analyzes the QFF
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simulations. The quantitative evaluation of QFE and QFF are given in Section 8. Section
9 consists of summary and discussion.

3.2

Context and Previous Work
In the United States, the accuracy of QPE has shown pronounced progress over the

past decade thanks to the improvement in radar real-time precipitation retrieval
techniques and the development of the ground-based Next Generation Weather Radar
(NEXRAD) system, currently in the process of being upgraded to dual–polarization.
Radar-based QPE is strongly affected by systematic errors associated with range
degradation and hardware calibration, the quality of retrieval algorithms (e.g. the
reflectivity-rainfall relationships), and measurement limitations in complex terrain (e.g.
radar scan over-shooting above the terrain, or contamination by ground clutter), which
result in significant precipitation estimation errors(Anagnostou et al., 2001; Borga and
Tonelli, 2000; Fulton et al., 1998; Nelson et al., 2010; Prat and Barros, 2010b; Smith and
Krajewski, 1991; Smith et al., 1996; Steiner et al., 1999; Villarini and Krajewski, 2010;
Young et al., 1999). Although many adjustment methods have been developed and
applied to improve radar-based QPE, such as the probability matching method
(Rosenfeld et al., 1994; Rosenfeld et al., 1993), mean field bias correction (Seo et al., 1999;
Seo and Smith, 1992; Smith and Krajewski, 1991; Steiner et al., 1999), radar-gauge
merging methods (Seo, 1998a; Seo, 1998b), and local gauge bias correction (Seo et al.,
2000; Seo and Breidenbach, 2002),

the question of space-time non-stationary of

precipitation over topographically complex terrain remains largely unresolved. Despite
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recent NWP (Numerical Weather Prediction) improvements, including data assimilation
and higher spatial resolution, QPF skill at the lead times (< 6 hours) and spatial scales
that matter for hydrologic applications remain largely inadequate in mountainous
regions and elsewhere (Ebert and McBride, 2000; Gourley et al., 2012; Olson et al., 1995;
Tao and Barros, 2010). In the Southern Appalachians, orographic effects enhance the
spatial variability of precipitation associated with tropical cyclones and squall lines,
thus compounding the challenge further (Sun and Barros, 2012). Automated Flood
Warning Systems (AFWS, http://afws.erh.noaa.gov/afws/) consist of raingauges that
detect high intensity rainfall near the ground surface and remain the most effective
approach to guide flash-flood warnings, but the low accuracy and sparseness of such
networks limits their applicability for QPE purposes.
Reed et al. (2007) provide a review of various approaches to flash flood forecasting
and operational Flash Flood Guidance (FFG) used to issue public warnings, and
proposed the use of a distributed model and an improved threshold frequency based
approach to improve operational flood forecasting skill at ungauged locations. Model
calibration is highly sensitive to the space-time accuracy of the precipitation forcing (e.g.
Bindlish and Barros, 2002), which is highly nonstationary at the spatial scales of flashfloods, and more so in complex terrain (e.g. Zoccatelli et al., 2010). Thus, understanding
the actual skill of flood forecasting operations independent of the rainfall used for model
calibration remains a daunting challenge (Gourley et al., 2011; Looper et al., 2012).
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Satellite based observations of precipitation (e.g. TRMM –Tropical Rainfall
Measurement Mission and the upcoming GPM- Global Precipitation Measurement
Mission) provide an alternative for rainfall monitoring over large areas, including the
vast array of remote ungauged basins at global scale, and thus are very promising to
address flood warning and emergency management challenges especially in remote
areas(e.g. Collier, 2007; Wardah et al., 2008) Limitations of satellite-based observations
include satellite revisit time (temporal sampling), spatial resolution (at best on the order
of 2-4 km or larger), and, not unlike any other sensor, measurement and retrieval errors
(Ebert et al., 2007; Huffman et al., 2007; Tao and Barros, 2010).
In the United States, River Forecast Centers (RFCs) rely on deterministic hydrologic
models for both estimating and predicting flash floods. In very small basins, warnings
are made based on whether event cumulative rainfall has reached a certain threshold.
Lumped-conceptual models currently are the most commonly used for operational flood
modeling and forecasting due to their simplicity. Carpenter and Georgakakos (2006) and
Moore et al. (2006) demonstrated that physically-based distributed hydrological models
show superior performance than lumped rainfall-runoff models in the case of extreme
flood events. Smith et al. (2012) conducted an extensive multi-model intercomparison
and concluded that 1) calibrated distributed models provided improved hydrograph
simulations compared to calibrated lumped models especially in interior basins with the
added value of simulating spatially distributed soil moisture fields and observing the
water balance; and 2) some uncalibrated distributed models perform better than
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calibrated distributed models.

Here, we rely on an uncalibrated high-resolution

distributed Land-Surface Hydrological Model (DCHM) with coupled surface-subsurface
physics that was used previously in the Appalachians with success (Yildiz and Barros,
2005; 2007; 2009). In particular, we focus on the case of Tropical Storm Fay in August
2008 which caused extensive flooding, deaths and much damage in the South East and
Mid-Atlantic states (Verdi and Holt, 2010).

3.3

Case Study

3.3.1 Study area
Flash-flood events are frequent in areas of steep terrain in the western U.S. and the
Appalachians, with basin size ranging from 10 to 125km2 (Kelsch, 2002) and larger
headwater catchments (< 300 km2) depending on basin hydro-geomorphic characteristics
that can strongly affect rainfall-runoff response times (e.g. Reed et al. 2007, Zoccatelli et
al. 2010). In this study, we focus on three headwater catchments of the Pigeon River over
Haywood County located in the Southern Appalachians in North Carolina, USA. The
Pigeon River flows northwest through the county and into Tennessee, where it becomes
a tributary of the French Broad River and the Little Tennessee. Considering flood
records, catchment size and the existence of various dams in Haywood County, three
small headwater basins were selected for this study: the Cataloochee Creek Basin (CCB)
in the Great Smoky Mountains National Park, the West Fork Pigeon River Basin
(WFPRB) and the East Fork Pigeon River Basin (EFPRB), delineated by black polygons in
Figure . The WFPRB and EFPRB have drainage areas of 71km2 and 131km2, respectively.
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The Cataloochee Creek is a small tributary to the Pigeon River with a drainage area of
128km2. Streamgauges at the outlet of each of the three basins are regularly maintained
by the USGS (United States Geological Survey). The Pigeon River basin landscape is
characterized by intermediate and high mountains covered by very dense forest, with
gentle to very steep slopes, with elevations ranging between 400m and 2,000m (Figure ).
Terraces and flood plains have slopes ranging from nearly level to moderately steep.
Compared to the WFPRB and EFPRB, the CCB features relatively flat slopes and deep
soils, including substantial alluvial deposits built over time due to intense landslide
activity. The major soil types are Edneyville-Chestnut complex soil, Plott fine sandy
loam, Wayah sandy loam and eroded Wayah loam soil (Allison et al., 1997). The spatial
distribution of dominant soil textures extracted from the State Soil Geographic
(STATSGO) database over Haywood County is shown Figure 3-2 (left panel), and the
dominant vegetation is deciduous and mixed forest as shown by the land cover map in
Figure 3-2 (right panel). The climate over the study area is subject to moisture-rich winds
from the Gulf of Mexico and varies greatly from the high mountains to the flood plains
along rivers. Previous research has demonstrated that the orographic rainfall
enhancement is on the order of 60% at ridge locations compared with valley locations
for concurrent rain events (Prat and Barros, 2010b). The historical average annual
precipitation ranges between 1060 mm and 2000 mm, evenly distributed throughout the
year (Allison et al., 1997). Landslide hazard risk assessments indicate that up to 50% of
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the area of the Pigeon River is highly unstable, and that value increases up to 80-90% for
the three headwater catchments examined here (Witt, 2005b).

Figure 3-1: Topography, major rivers and raingauges over Pigeon River basin in North
Carolina. The CCB (Cataloochee Creek Basin), WFPRB (West Fork Pigeon River
Basin) and EFPRB (East Fork Pigeon River Basin) are illustrated by black polygons.
[ECONET - Environment and Climate Observing Network; HADS Hydrometeorology Automated Data System; PMM GSMRGN - Precipitation
Measuring Mission (PMM) rain-gauge network in the Great Smoky Mountains; MRR
- MicroRain Radar.]
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Figure 3-2: Soil texture (left) derived from STATSGO and land cover map (right)
derived from National Land Cover Database (NLCD) over Haywood County. CCB,
WFPRB and EFPRB are illustrated by cyan polygons.

3.3.2 Tropical Storm Fay
Tropical Storm Fay originated from a tropical wave off the coast of Africa on
August 7th, 2008, and it developed into a very strong tropical storm as it moved
westward across the Atlantic causing heavy rainfall in Florida and in the Southeast US
generally (Verdi and Holt, 2010). Although the storm already had weakened before
reaching North Carolina, its remnants produced widespread flooding in the Piedmont
and in the Appalachians due to prolonged and heavy rainfall over a four-day period on
August 25th -28th, 2008. The total storm rainfall amounts were close to 100mm (~ 4 in)
over the northern ridges of the Pigeon river basin and about 200mm (~ 8 in) over the
south and east facing ridges, with witness reports of a large flash-flood at 00:05 UTC on
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August 27th in the town of Clyde6. The rainfall threshold for landslide and debris flows
based on the historical record is 125 mm over a 24 hour period (Witt, 2005).

The

groundwater table rose by about 0.75m during Fay, according to the only USGS
monitoring well located in Haywood County (HW-047).

This is indicative of the

strength for surface-groundwater interactions in the basin, despite its location on the
Blue Ridge physiographic province (Brahana et al., 1986). The observed maximum daily
mean discharge during Fay is on the order of magnitude of the 2-year event (full-bank
discharge) at the outlets of the three small basins, showing that the events occur very
frequently. Recently, Brun and Barros (2013) conducted an analysis of the return periods
of river discharge associated with the passage of tropical cyclones in the SE US and
found that away from the coast, the return periods tend to vary between 3-5 years.
However, USGS archived real-time records show that the observed streamflow during
Fay around the midnight (UTC) on Aug.27 in these small gauged basins in the inner
Appalachian Mountains are of the highest values compared to the historical record for
that day of the year, i.e. greater than 95 percentile of the discharge values recorded on
the same day of the year for the years with available measurements7.

6

http://www.ncdc.noaa.gov/stormevents/eventdetails.jsp?id=131032

7

http://waterwatch.usgs.gov/index.php?id=pamap
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3.4

Model and Data description

3.5.1 Duke Coupled surface-groundwater Hydrology Model (DCHM)
A fully-distributed and physically-based hydrologic model, the DCHM, is used in
this research. The DCHM was originally developed as column model for investigating
land-atmosphere interactions (Barros, 1995), and has evolved over the years into a
distributed hydrologic model solving the coupled water and energy balance equations
including coupled surface-subsurface interactions (Devonec and Barros, 2002; Yildiz,
2001; Yildiz and Barros, 2005; 2007; 2009). The DCHM consists of three coupled modules:
a vertical Land Surface Hydrology Model (LSHM), a two-dimensional Surface Flow
Routing Model (SFRM), and a two-dimensional Lateral Subsurface Flow Routing Model
(LSFRM). There is no interaction between the local and regional groundwater systems.
At each location, the vertical soil column consists of both an unsaturated zone and a
conditionally saturated zone. The unsaturated zone is discretized into three layers, of
which the 1st layer is the superficial soil zone at the land–atmosphere interface, the 2nd
and 3rd layers are root layers. Overland flow is estimated either from rainfall excess
(Horton) mechanism or saturation excess (Dunne) mechanism for each grid element at
each time step and routed by the SFRM, which relies on a one-dimensional kinematic
wave approximation along the down-slope direction, assuming a linear flow surface
across grid cells (Yildiz and Barros, 2007). The Muskingum-Cunge method of variable
parameters (Ponce and Yevjevich, 1978) is utilized for the channel routing without
significant backwater effects. Subsurface flow, comprising interflow and baseflow, is
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then laterally routed by the LSFRM. A multi-cell approach (Bear, 1979) is adopted and
modified for subsurface flow routing. A more detailed description of the model can be
found in(Devonec and Barros, 2002; Yildiz, 2001; Yildiz and Barros, 2005; 2007; 2009).

3.5.2 Meteorological forcing and model parameters
Meteorological forcing, except for rainfall which is discussed in Section 5, were
extracted and downscaled from NCEP North American Regional Reanalysis (NARR)
(Mesinger et al., 2006), including air temperature, air pressure, wind velocity, radiation,
and specific humidity. These forcing fields are used to calculate water and energy fluxes
(i.e. evapotranspiration, latent heat flux and sensible heat flux) at the land–atmosphere
interface and in the soil layers, by solving the coupled water balance and energy balance
equations (Devonec and Barros, 2002). NARR fields of forcing variables are available at
32-km spatial resolution and 3-hour temporal resolution.

The bilinear method was

utilized to interpolate NARR fields to higher spatial resolution, and linear interpolation
was applied to interpolate in time. Leaf Area Index (LAI) and albedo were generated
from MODIS MCD15A28 and MCD43B39 products respectively. Fractional vegetation
cover was estimated from LAI, based on an empirical relationship (Choudhury, 1987;
French et al., 2003).

8

MODIS/Terra+Aqua Leaf Area Index/FPAR 8-Day L4 Global 1km SIN Grid V005

9

MODIS/Terra+Aqua Albedo 16-Day L3 Global 1km SIN Grid V005
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The Digital Elevation Model (DEM) was obtained from the National Elevation
Dataset (NED) at 3arcsec resolution and subsequently averaged to match model
resolution (250 m). Soil parameters (i.e. saturated hydraulic conductivity Ksat, porosity f,
field capacity qfc and wilting point qwp) were extracted from the STATSGO database. The
extracted soil surface texture map (Figure 3-2) indicates that the dominant soils over the
three headwater catchments are gravelly loam, sandy loam, fine sandy loam and
moderately permeable loam. The minimum value of vertical sarturated hyraulic
conductivity of the top 10 standard soil layers in STATSGO is used for aggregated soil
layers assuming the layer with minimum hydraulic conductivity controls the time-scale
of overall hydrological response. The predominant values of other soil properties, such
as porosity, field capacity and wilting point, were used for the multiple soil layers.
Parameters describing the basin geomorphologic characteristics are determined by
sensitivity analysis to match known patterns or properties. For example, the threshold
number of grids cell that is used to define the minimum contributing area for the
permanent channel network varies from application to application with the grid
resolution. This number, five in the simulations reported here, is selected iteratively by
comparing the channel network map generated by the DCHM against the stream
network extracted from USGS National Hydrography Dataset (NHD). The spatial
distribution of minimum Ksat values extracted from the STATSGO database as
described

above

was

modified

to

incorporate

infiltration

rates

determined

experimentally in regional field experiments, directional anisotropy relationships from
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regional geologic studies, and an exponential decrease with soil depth based on
STATSGO itself, literature review and comparison between the shape of the recession
curve in the model and streamflow observations.

For each watershed, the vertical

decrease for Ksat with soil depth was determined as a function of soil texture and
position in the hillslope (Amoozegar et al., 1991; McKay et al., 2005; Price et al., 2010;
and2011; Schoeneberger and Amoozegar, 1990), and the initial lateral Ksat in the
unsaturated zone was assumed to be three orders of magnitude larger than the vertical
Ksat in the two top soil layers, with higher values where the stone fraction in the soils is
higher(Carlson, 2010; Freeze and Cherry, 1979). The final scaling factors were obtained
through sensitivity analysis to match the curvature and slope of the observed subsurface
runoff recession curves as measured by the time rate of change of subsurface from test
simulations (Chen and Kumar, 2001; Linsley et al., 1982; Yildiz and Barros, 2005; 2007).
Other parameters were specified based on personal inspection and a survey of the
literature and prior studies in the Appalachians (Campbell, 1974a; Chow, 1959; Clapp
and Hornberger, 1978b; Dickinson et al., 1993; Jackson, 1981; Price et al., 2010; 2011;
Yildiz and Barros, 2005; 2007; 2009). Specific parameters for each basin are provided in
Section 6.1.

3.5

Rainfall Datasets

3.6.1 Raingauge Observations
Hourly rainfall measurements assembled from three categories of raingauge
observations were used to adjust QPE in the Pigeon River basin. The first is the high-
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quality controlled rainfall dataset from the 1st phase of the Precipitation Measuring
Mission (PMM) rain-gauge network in the Great Smoky Mountains (GSMRGN).
GSMRGN has 32 tipping bucket gauges and were installed at mid to high elevations
along exposed ridges in the Southern Appalachians since the summer of 2007 , (Figure 1;
Prat and Barros, 2010b). At the time of Tropical Storm Fay, 20 raingauges were in
operation. The second and third datasets were obtained from the Environment and
Climate Observing Network (ECONet) and Hydrometeorology Automated Data System
(HADS), respectively. HADS precipitation datasets are one of the major sources of
raingauge observations used to derive the multi-sensor QPE fields (Kim et al., 2009;
Nelson et al., 2010; Seo, 1998b; Seo and Breidenbach, 2002). Both ECONet and HADS are
installed at low elevations or in valleys and thus augment the PMM GSMRGN data as
illustrated in Figure .

Locations and elevations of GSMRGN, ECONet and HADS

raingauges referenced in this study are shown in Table 3-1.
Table 3-1: Location and elevation of raingauges referenced in this study, and the
corresponding cumulative precipitation during the Fay.
Site

NO.
Site ID.

Lat.

Lon.

Elev.(m) Acc.(mm)

Type

1

RG001

35.40 -82.91

1156

177.79

2

RG002

35.42 -82.97

1731

163.01

3

RG003

35.38 -82.92

1609

186.19

4

RG004

1922

214.16

5

RG005

GSMRGN 35.37 -82.99
35.41 -82.96

1520

186.32

6

RG006

35.38 -82.97

1737

186.44

7

RG007

35.46 -82.95

1478

159.20

8

RG100

35.59 -83.07

1495

127.90
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9

RG101

35.58 -83.09

1520

121.32

10

RG102

35.56 -83.10

1635

103.94

11

RG103

35.55 -83.12

1688

103.73

12

RG104

35.55 -83.09

1584

58.23

13

RG105

35.64 -83.04

1345

117.31

14

RG106

35.43 -83.03

1210

112.80

15

RG107

35.57 -82.91

1359

144.19

16

RG108

35.55 -82.99

1277

123.28

17

RG109

35.50 -83.04

1500

119.60

18

RG110

35.55 -83.15

1563

123.82

19

RG111

35.73 -82.95

1394

67.94

20

RG112

35.75 -82.96

1184

95.01

21

WAYN

35.49 -82.97

840

121.41

22

CEPN7

35.46 -82.87

818

170.43

23

CTNN7

35.55 -82.83

863

180.34

24

DARN7

35.35 -82.78

1002

239.27

25

LLDN7

35.42 -82.92

896

158.50

26

WAVN7

35.43 -83.01

943

114.81

27

WLTN7

35.70 -83.04

735

101.09

ECONET

HADS

3.6.2 The Next-generation QPE products (Q2)
The National Mosaic and Multi-sensor QPE (NMQ) project at the National Oceanic
and Atmospheric Administration (NOAA) National Severe Storms Laboratory (NSSL)
operationally provide the experimental Next Generation Multi-sensor QPE (Q2) that
includes instantaneous rainfall-rate mosaics updated every 5min, radar-based QPE and
local gauge bias-corrected radar-based QPE over various time periods (1- to 72-hour) at
high spatial resolution (1×1km2) (Vasiloff et al., 2007; Zhang et al., 2011). Vasiloff (2009)
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reported that the radar-based Q2 data tend to underestimate rainfall significantly for
convective storms. The local gauge correction is applied to the hourly radar-based QPE
product (Q2RAD_HSR) derived from radar Hybrid Scan Reflectivity (HSR), based on
radar-gauge bias fields calculated using hourly HADS raingauge observations to
generates hourly local-gauge corrected radar-based QPE fields (Q2RAD_HSR_GC)
which show better performance than Q2RAD_HSR (Ware, 2005; Zhang et al., 2011). In
this study, the hourly Q2RAD_HSR_GC products were further adjusted using the
raingauge observations from GSMRGN, as well as ECONet and HADS.
3.6.1.1 Assessing Q2 products based on gauge observations
To evaluate Q2 products, hourly radar-based and gauged-corrected rainfall
accumulation products Q2RAD_HSR_GC (Q2 in short) were compared to raingauge
observations over Haywood County from Aug.25 to Aug.28, 2008. The comparisons of
Q2 with raingauge observations are shown in Figure 3-3a, in terms of both accumulation
(mm) and rainfall intensity (mm/hr) during the storm event. Figure 3-3a.1 shows that the
cumulative precipitation totals from Q2 are at least 50% below raingauge observations.
Note the large spatial variability of rainfall as indicated by the spread of gauge rainfall
traces. The underestimation not surprisingly is due to the lack of reliable NEXRAD
observations in the area, especially for the very heavy rainfall events (rainfall rate > 20
mm/hr, Figure 3-3a.2). In addition, Q2 also misses many occurrences of light
precipitation (<5mm/hr), as shown by the symbols on or very near the x-axis. Table 3-2
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summarizes the root mean square error (RMSE) computed from Q2 and observed hourly
rainfall rate at the raingauges. The overall Q2 RMSE is as large as 2.18 mm/hr.
Table 3-2: Summary of the RMSE computed from observed rainfall rate (mm/hr) and
Q2 product before and after adjustment.

RMSE(mm/hr)
QPE
GSMRGN ECONET HADS All
Q2
2.00
1.67
2.78
2.18
Q2+_All
1.35
0.85
1.44
1.35
Q2+_H/L
1.19
0.88
0.93
1.13
The spatial errors in Q2 originate from two sources. First, large errors in rainfall
estimates are attributed to systematic errors associated with range degradation and
hardware calibration of WSR-88D as well as the local problems due to terrain
complexity as discussed earlier (e.g. the over-shooting or beam blockage) (Smith et al.,
1996; Young et al., 1999). Secondly, the Z-R algorithm that converts WSR-88D reflectivity
factor measurements to rainfall rate is subject to inaccuracy (Fulton et al., 1998; Prat and
Barros, 2009).

Q2 is obtained through systematic bias correction and local gauge

correction (Zhang et al., 2011) using HADS observations, which are sparse and do not
capture orographic enhancement effects as illustrated in Table 3-2 by the large RMSE for
this particular storm. Next, two simple bias-correction methods based on regression are
employed to improve the Q2 accuracy particularly for Tropical Storm Fay taking
advantage of the high-density rain-gauge network in the Pigeon river basin.
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Figure 3-3: Comparison between rain-gauge observations and Q2 (a.*), Q2+_All (b.*),
and Q2+_H/L (c.*)) during Tropical Storm Fay.

3.6.1.2 Adjustment of Q2 based on gauge observations
1) Linear regression (LR) adjustment
Linear regression of hourly raingauge observations and Q2 data results can be
expressed in terms of the regression relationship,

Rgt ( ig , j g ) = κ Rrt ( ig , j g ) + ε
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(3.1)

t

where R gt represent the raingauge measurements at time step t , and Rr represents Q2
rainfall at the pixels ( ig , j g ) corresponding to raingauge locations at the same time step.
Subsequently, the resultant regression relationship was applied to Q2 data
retrospectively over the whole area,

R*t ( i, j ) = κ Rrt ( i, j ) + ε

(3.2)

where R*t ( i, j ) is the adjusted Q2 rainfall over the area at time step t . In the case where
no rainfall is observed by raingauges but rainfall is present in Q2, which could be
explained by instances of hail or associated with very light rainfall (less than the
minimum tipping amount of raingauge 0.253mm), R*t ( i, j ) matches Rrt ( i, j ) . For the
case when raingauges detect rainfall but Q2 shows null-rainfall over the basin, or Q2
data are missing at the time, R*t ( i , j ) is replaced with the areal rainfall derived from
raingauge observations by inverse distance weighted (IDW) interpolation. Although this
simple LR method improves the accuracy of Q2 in terms of both precipitation rate and
accumulation, there is an implicit assumption of spatial stationarity that will be
addressed later.
The comparisons between rain-gauge observations and the adjusted Q2 data
using the LR method (Q2+_All hereafter, ‘All’ indicates all the gauges) are shown in
Figure 3-3b. The computed RMSE is reported in Table 3-2. This adjustment proves to be
effective in adjusting the rainfall rates as compared to Q2, yielding a much lower overall
RMSE (1.35mm/hr) and cumulative precipitation close to the raingauge observations
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(Figure 3-3b.1). However, this method neglects landform and elevation dependencies,
such as ridge-valley gradients. That is, Q2+_All data are prone to potential
overestimation for heavy rainfall and underestimation for light rainfall as suggested by
Figure 3-3-b.2.
2) Moving contour-interval (MCI_LR) adjustment
Assuming that spatial variability in precipitation is dominated by orographic effects
and less affected by the scale of the rain producing clouds at the spatial scale of the
Pigeon river basin, the bias in rainfall estimation should therefore be strongly related to
the local elevation (Prat and Barros, 2010b). Based on this assumption, a moving
contour-interval method is applied to account partially for the spatial non-stationarity in
orographic precipitation effects. Specifically, moving contour-intervals of 500m elevation
are specified between the ridges and the valleys. Only raingauges that are within a
particular contour-interval will be utilized to adjust Q2 pixels in that interval. Otherwise,
the adjustment procedure is similar to the LR method above. A lower threshold of 900m
and an upper threshold of 1600m are defined so that the number of raingauges
representative of valley and ridge conditions is larger than five, thus assuring that the
regression equation is well-conditioned.
The comparisons between raingauge observations and this adjusted Q2 data using
the moving contour-interval method (Q2+_H/L hereafter, ‘H/L’ indicates gauges at High
and Low elevations) are shown in Figure 3-3c. The RMSEs are also presented in Table
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3-2. The Q2+_H/L data are generally superior to those obtained by the LR method,
especially for valley and ridge locations consistent with a much smaller RMSE for
GSMRGN and HADS gauges (1.19mm/hr vs. 1.35mm/hr, and 0.93mm/hr vs. 1.44mm/hr),
whereas the RMSE for low elevation stations (ECONet) is comparable to that from LR
method (0.88mm/hr vs. 0.85mm/hr). The range of cumulative precipitation of Q2+_H/L
is closer to that of raingauge observations in Figure 3-3c.1) compared to Q2+_All, with
particular improvement for large accumulations.
The various spatial distribution of precipitation accumulation, including the original
Q2 data and the two adjusted Q2 datasets (Q2+), are shown in Figure 3-4. Overall, the
original Q2 product severely underestimates rainfall intensities and accumulation, while
the Q2+ datasets show much higher accumulations especially at higher elevations. In
particular, Q2+_H/L demonstrate slightly better spatial variability than Q2+_All,
indicated by stronger ridge-valley gradients. The hourly adjustment ensures a dynamic
correction of the Q2 rainfall fields halving the overall RMSE to 1.35mm/hr and
1.13mm/hr for Q2+_All and Q2+_H/L respectively. The Q2+ datasets are the “best
available” estimates to the “ground-truth”, and are considered hereafter as the reference
rainfall for this study.
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Figure 3-4: Spatial distribution of precipitation accumulation for Q2 (a), Q2+_All (b)
and Q2+_H/L (c) during Tropical Storm Fay (Aug.25-28, 2008).

3.6.3 The NDFD QPF products
3.5.3.1 QPF performance for Tropical Storm Fay
The National Digital Forecast Database (NDFD10) provides the expected six-hour
accumulations of quantitative precipitation forecast (QPF) at 5×5 km2 resolution,
beginning and ending at 00:00, 06:00, 12:00 and 18:00. QPF is first created by Weather
Forecast

Offices

(WFOs)

nationwide

based

on

guidance

from

NCEP’s

Hydrometeorological Prediction Center (HPC) constituting ensembles and statistical
characteristics of forecasts from multiple deterministic numerical forecast models (e.g.,
GFS, NAM, SREF). These are subsequently further updated by the WFOs according to
real-time hydrometeorological observations, or new model guidance received, and
finally forwarded and incorporated into NDFD (National Weather Service, 1999). Note

10

http://has.ncdc.noaa.gov/pls/plhas/HAS.FileAppSelect?datasetname=9959
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that the local WFOs across the country update forecasts at different scheduled times,
and the NDFD mosaics and merges forecasts from all WFOs every hour to incorporate
new updates nationwide. Thus, even though the QPF guidance from the WFOs is not
updated hourly (for example, NWS Eastern Region WFOs generally update forecasts
every three hours), the NDFD provides hourly updates of the six-hour QPF products.
For extreme weather events (e.g. Tropical Storm Fay), the WFOs update QPF more
frequently and thus the six-hour QPF can change on an hourly basis, whereas that might
be different for a moderate event. As time evolves, the QPF for the same six-hourly
period can change dramatically as more observations become available.
Spatial QPFs over the Southern Appalachians for a six-hour period (12:00~18:00
UTC on August 26, 2008) are shown in Figure 3-5 for 6, 3 and one-hour lead-times. The
meteorological observations or new model guidance received at 09:00am at the local
WFO showed very high probability of occurrence of convection, thus forecasters
updated the rainfall forecast amount for the 12:00~18:00 interval to nearly twice the
magnitude of the previous QPF. As the NDFD is updated hourly, though not uniformly
so around the country, the 1-hour lead-time QPF should be the most accurate prediction.
A series of QPFs with one-hour lead time on Aug. 26 and 27 are shown in Figure 3-6 to
illustrate the best predictions of Fay’s evolution over the region. The 1-hour lead-time
QPF suggests that convection would be present in the region of study between
12:00~18:00 on Aug. 26, and then move northeastward. The spatial QPF patterns show
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that the heaviest rainfall was forecasted over the eastern ridges of the Southern
Appalachians spanning the WFPRB and the EFPRB.

Figure 3-5: Six-hourly QPF accumulation for 12:00~18:00 (UTC) on August 26, 2008,
provided by NDFD. Note that even though NDFD updates national mosaic hourly,
the new information was incorporated into QPF by WFO at 09:00AM. The Pigeon
River is the basin with the marked river network.
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Figure 3-6: Six-hourly QPF accumulation with one hour lead time on August 26 (left)
and August 27 (right), 2008.

3.5.3.2 Assessing NDFD QPF products
Evaluation or verification of QPF is a challenging proposition. Many verification
methods have been proposed to assess spatial QPF in terms of rainfall intensity errors,
structure errors, and skill scores such as the number of hits, misses, false alarms, and
correct negatives (Gilleland et al., 2009). We will focus on assessing two essential
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characteristics of QPF that are of most importance for flash-flood forecasting, namely
intensity magnitude and timing, through the comparison of QPF with raingauge
observations and also QPE (both Q2 and Q2+).

Figure 3-7: Comparison between areal averaged six-hour QPF and Q2 datasets over
Haywood County, including Q2 and Q2+ datasets. Time axis represents date and the
beginning of forecast period (DDHH). The upper plot shows 6-hr lead time QPF (a),
the bottom plot shows 1-hr lead time QPF (b). The embedded figure shows
comparison between 1-hr lead time six-hour QPFs and the averaged six-hour rainfall
amount observed by the raingauges located in the corresponding QPF grids.
To evaluate the performance of QPF for Fay with respect to the timing of heavy
rainfall, that is when convective activity is present, an intercomparison between QPF
and raingauge observations was conducted. The six-hour rainfall amounts observed by
raingauges were first calculated, according to the same six-hour schedule as that of the
NDFD QPF. Because the QPF data have coarse spatial resolution, raingauge
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observations within the same QPF grid were first averaged, and then compared with
QPF. To compare QPF against Q2 and Q2+, the corresponding six-hour precipitation
accumulations were calculated from Q2 pixels (1km×1km) and then uniformly
distributed to NDFD QPF grids (5km×5km).

Figure 3-8: Comparison between 6-hour QPF and Q2 datasets at NDFD pixels (5km)
over the Haywood County area. The left panel shows the 6-hr lead time QPF (a),
while the right panel shows the 1-hr lead time QPF (b). The numbers indicate the
selected 6-hour QPF time (DDHH) corresponding to the symbols.
Figure 3-7 and Figure 3-8 shows the comparison between averaged six-hour rainfall
amounts from the raingauges, Q2, Q2+ and the areal-averaged QPFs with six and onehour lead times. It is clear that some updates applied to the QPF are incorrect, and thus
cause underestimation or overestimation of rainfall. Nevertheless, overall, the one hour
lead time QPF outperforms the six-hour lead time QPF. The scatter plot embedded in
Figure 3-7 compares 1-hour lead time QPFs against the averaged six-hour rainfall from
the gauges within the corresponding QPF grids. Note the split of the points above and
below the one-to-one line and the concentration of points near the y-axis or the x-axis
indicating both overestimation and underestimation at different times reflecting
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temporal off-sets. Because the timing of convective cells and their spatial trajectories are
very difficult to predict, it is not unexpected that the QPFs exhibit a delay or anticipation
error with regard to the forecasted convection time. For example, the QPF predicts
convection between 12:00~18:00 UTC on Aug.26. However, the raingauge observations
indicate that most convection took place between 18:00 and midnight on Aug.26, thus an
anticipation error (false alarm). The update in the 1-hour lead time QPF for 12:00~18:00
on Aug.26 (Figure 3-7 b) stands out due to its large overestimation of precipitation,
surpassing in magnitude the six-hour lead time QPF, and also both the Q2 and Q2+
datasets. Figure 3-8 reveals clearly that in some other cases, the NDFD QPF
underestimated precipitation severely compared to Q2 datasets, and especially with
respect to the Q2+ data. Because the Q2 and Q2+ data sets are not affected by the QPF
convection timing error discussed earlier, the one-hour lead time QPF overestimation
error is therefore a timing error.
Furthermore, the QPF shows consistently larger rainfall than Q2 especially after the
storm peak (within 18:00 on 26 ~ 00:00 on 27 Aug.) is reached as indicated by larger
black bars versus blue bars in Figure 3-7. Interestingly, even though QPF underestimates
rainfall compared to the reference rainfall observations (Q2+) and does not capture Fay’s
space-time variability, it is closer to Q2+ than Q2. This is a positive sign as it indicates
that the NWP forecasts upon which QPF is based describe the temporal evolution of the
storm correctly, even if they do not predict the space-time patterns correctly.
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3.6.4 Spatial-temporal downscaling
For convective storms, the storm position within a catchment is critical to the
occurrence of flooding (Moore et al., 2006). Thus a nearest-neighbor interpolation was
applied to downscale rainfall fields at 1km resolution to high-resolution (250m×250m) in
order to preserve the spatial position of precipitation structures and to impose mass
conservation.

Then, the five-miunte rainfall rates were estimated by a time-

disaggregation procedure to distribute the hourly rainfall over the 12 five- minute
intervals in each hour. Specifically, the 5-min rainfall intensity was generated from the
Q2 datasets using pt = f i , j Pi , where pt is the rainfall rate at the tth time step (mm/5min),
and t = j + (i − 1) × 12 . f i , j is a rainfall intensity fraction (RIF) at the jth 5min of the ith
hour. Pi is the accumulated Q2 rainfall during the ith hour (mm/hr). fi , j = ptg Pi g was
obtained from the rain-gauge tip series, where g indicates raingauge data. Clearly, this
approach could not be pursued in ungauged basins. The point here is to investigate
flash-flood physics and QFF skill where streamflow data are available, so that QFF
prospects in ungauged locations can be assessed.
Based on QPE (Q2) and QPF from NDFD, it is then feasible to predict streamflow in
advance by forcing the DCHM with the historical, near real-time and predicted rainfall
time series. To reconstruct the time-series of rainfall fields, historical and real-time QPE
were derived from Q2 datasets assuming that data latency (i.e. processing time required
for gauge correction at NSSL) is negligible. QPF was then used beyond the
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current/forecasting time. The conceptual configuration of this reconstruction is shown in
Figure 3-9. As time evolved, updated QPF was incorporated and the length of QPE
forcing extended to the forecasting time. To create rainfall input for the DCHM, six-hour
QPF fields were linearly interpolated into hourly rainfall rates at the spatial resolution of
the original NDFD grids (5km) first, and then interpolated into rainfall rates at 1km
resolution using a nearest neighbor interpolation method. Lastly, rainfall fields at 5-min
and 250m resolution were generated from the reconstructed hourly rainfall data using
RIF and interpolated from the 1km data resolution of Q2 using a nearest-neighbor
method, as previously described.

Figure 3-9: The conceptual configuration of reconstructing rainfall fields for QFF,
where QPE can be Q2 or Q2 incorporated available GPM products.

3.6

Quantitative flash-Flood Estimates (QFEs) based on QPE

3.6.1 QFE based on Q2 and Q2+
The DCHM was used to produce deterministic Quantitative flash-Flood Estimates
(QFEs) during Tropical Storm Fay over the three headwater catchments of the Pigeon
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River described above: the Cataloochee Creek Basin (CCB), the West Fork Pigeon River
Basin (WFPRB), and the East Fork Pigeon River Basin (EFPRB). Model simulations were
conducted at 250m×250m spatial resolution and 5-min timesteps for the three basins.
Detailed model coefficients and the ranges of parameters used in DCHM for this
application are provided in Table 3-3, including soil geometry, initial degree of soil
saturation, saturated hydraulic conductivity, and other soil parameters extracted from
STATSGO database. The soil depths for each basin were determined according to basin’s
geomorphologic characteristics and from the research group’s in-situ observations.
Because the season preceding Fay was very dry, simulations starting from very wet
conditions (near soil saturation ) were conducted for dry weather (no rainfall) until the
model simulated the observed pre-event streamflow. Subsequently, these soil moist
conditions were used as initial conditions for Fay.
Table 3-3: Major parameters specified in LSHM for three soil layers.

Soil Geometry(m)
Initial Degree of Soil
Saturation
Ksat (min.~max.)
Scaling factors for Kv
Scaling factors for Kh
Porosity (min.~max.)
Field Capacity (min.~max.)
Wilting Point (min.~max.)
Manning’s roughness
Channel cross-section
Initial discharge in channel
Channel threshold (pixels)

CCB
0.15-0.50-0.80
50%65%75%

WFPRB
0.05-0.30-0.50
35%50%50%

EFPRB
0.10-0.30-0.50
20%30%40%

0.9~2.8×10-5m/s
0.9~2.8×10-5m/s
0.9~2.8×10-5m/s
0.5-0.2-0.1-0.1
1.0-0.5-0.2-0.2
1-0.8-0.2-0.2
4000-1000-1-1/3
3000-200-5-1/3
3000-800-5-1/3
0.43~0.49
0.48~0.51
0.48~0.51
0.16~0.26
0.21~0.22
0.21~0.26
0.081~0.163
0.09~0.13
0.09~0.16
0.03 for overland, 0.01 for channel
Rectangular, channel width is 30m
0.5m3/s at outlet
5
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Table 3-4: Error Summary of QFE (nowcast) performance#
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Forcing
Peak Flow (%)*
Flow Vol ( %)*
Flow Apportionment (%)
est
obs
Basin
Rainfall
Time-to-Peak (hr.)
[Error= (Qp - Qp )/
[Error=(Vest-Vobs)/
Overland
Interflow Baseflow
Datasets
[Error=(Tpest- Tpobs)]
Qpobs]
Vobs]
Q2
5.83
-92.27
-60.36
0.13
12.62
87.25
-0.17
-7.20
CCB
Q2+_All
-4.66
3.30
59.01
37.69
2.59
0.34
Q2+_H/L
-0.33
3.97
60.35
35.68
-0.83
Q2
-77.66
-86.93
20.02
42.08
37.90
+
8.33
-0.17
WFPRB Q2+_All
1.08
39.21
56.02
4.77
Q2+_H/L
1.00
19.74
-0.94
38.02
57.13
4.85
Q2
17.33
-99.48
-95.66
0.00
19.93
80.07
EFPRB
Q2+_All
0.58
11.69
2.54
24.08
72.39
3.53
0.91
1.87
Q2+_H/L
0.67
25.77
70.53
3.70
#The error index indicating the best performance of QFEs for each term is highlighted in bold.
Negative values indicate underestimation and positive values mean overestimation.

*

There are double peaks for the WFPRB, the calculations were performed with respect to the major peak.

+

3.6.1.1 Cataloochee Creek Basin (CCB)
The CCB has a drainage area of 128km2 and features a wide flat valley with deep
soil and alluvial deposits. The dominant soil texture is fine sandy loam and loam (Figure
3-2), with large saturated hydraulic conductivity Ksat as 2.8×10-5m/s at ridge and 0.9×105

m/s at valley, porosity f ranging from 0.434 to 0.491, field capacity qfc ranging from

0.159 to 0.259 and wilting point qwp ranging from 0.081 to 0.163 (Table 3-3). The CCB is
located in the Great Smoky Mountain National Park, covered by very dense forest
(mainly deciduous forest, Figure 3-2) with thick and humid top soil layers (cloud
immersion is frequent). The first permeable soil layer of 15cm is above a less permeable
root zone comprising the 2nd and 3rd layers of 50cm and 80cm respectively. A base layer
of 1m constituted by alluvial deposits lay underneath the vadose zone.
Simulated hydrographs (QFEs) by the DCHM driven by precipitation datasets (Q2
and Q2+) over CCB are shown in Figure 3-10a. The estimated streamflows and the flow
components for the Q2+_H/L simualtions are presented in Figure 3-10b. The
performance of all simulations was assesed by estimating peak discharge, peak time,
and total discharge volume errors (Table 3-4), as well as the contributions of overland
flow, interflow and baseflow components to the total discharge for each simulation. For
the QFEs forced by Q2+ datasets, the peak time of the simulated hydrographs are close
to the observations with timing errors as measured by the difference between actual and
forecast time-to-peak as small as -0.17hr (about 10 minutes) and -0.33hr (about 20
minutes) for Q2+_All and Q2+_H/L respectively. Meanwhile, peak value errors are with
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10% of the observed peak flow, especially for the QFE driven by Q2+_H/L, the peak
error is less than 3%. Note that timing and peak flow errors are respectively larger and
smaller for the Q2+_H/L, which suggests that the contour based regression is capturing
well spatial differences in rainfall intensity fraction (RIF) but not the temporal evolution
of the storm over the catchment (see also small negative bias at very high rainfall rates in
Figure 3-3). There is also very good agreement with regard to the falling limbs of the
hydrographs and overall recession curves as expected (Figure 3-10a). The time delay in
the rising limb is explained by imperfect initial conditions in terms of soil moisture and
the fact that even at the relatively high spatial resolution the stream network fails to
capture the lower order streams and in particular rills and depressions where flows tend
to concentrate during such extreme events.
Figure 3-10b) shows that interflow (blue line) is the dominant flow component in
the CCB throughout the storm duration. Overland flow remained small until the
extremely heavy rainfall occurred around midnight on Aug.26 soon after it peaked,
albeit with much lower values than the interflow. The peak time of streamflow is nearly
concurrent to that of interflow. In fact, as shown in Table 3-4, interflow contributes
around 60% of the total volume of streamflow generated by the DCHM driven by the
Q2+ datasets. The large interflow contribution to streamflow is consistent with the
basin’s geomorphology and low elevation alluvial deposits.
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Overall volume errors are smaller in the case of Q2+_H/L rainfall forcing (0.34%,
Table 3-4). These QPE fields explicitly incorporate the differences between ridge and
valley precipitation, and therefore a more accurate description of the spatial variability
of rainfall in the CCB can capture the differences between hillslope response (shallow
soils, steep slopes) and valley response (deeper soils, flat slopes). Geomorphic
characteristics are therefore a key control in rainfall-runoff response in the CCB. In
addition, the simulation driven by Q2+_All has a smaller total volume of streamflow
(indicated by negative volume errors -4.66% in Table 3-4), because the LR method tends
to underestimate lower rainfall rates (e.g. ≤5mm/hr) which are dominant over the CCB
during Fay. Frequent landslide activity in the highly unstable slopes of the CCB can be
traced to the combined interflow and baseflow controls of rainfall-runoff response
which account for roughly 95% of the discharge.
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Figure 3-10: The comparison between QFEs over the CCB generated from the DCHM
driven by three different rainfall datasets are shown in (a); the flow components of
estimated streamflow forced by Q2+_H/L are shown in (b). The upper and right axis
in (b) indicates basin areal averaged storm hyetograph.

3.6.1.2 West Fork Pigeon River Basin (WFPRB)
The WFPRB has a small drainage area (71km2) and is characterized by steep and
narrow stream channels. Gravelly loam dominates the high elevation ridges and sandy
loam is the dominant soil type in the valley (Figure 3-2). Consequently, the saturated
hydraulic conductivity is large over the ridges (Ksat ~ 2.8×10-5m/s), and smaller in the
valleys (Ksat ~ 0.9×10-5m/s) (Table 3-3). Ridge soils are thin (top soil layer is about 5cm
deep) and have high porosity f (0.513), low field capacity qfc (0.207) and low wilting
point qwp (0.093).
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QFEs simulated over the WFPRB from DCHM driven by Q2 and Q2+ datasets are
shown in Figure 3-11a. The apportionment of discharge among overland flow, interflow
and baseflow is shown in Figure 3-11b for simulation driven by Q2+_All. As it can be
seen from the figure, streamflow simulations driven by Q2+ capture the peak value,
peak time and falling limb very well, showing time-to-peak errors of about 1% and also
very small peak errors (Table 3-4). Due to the thinner soils overlaying bedrock (thus less
subsurface storage), substantial overland flow occurred in the presence of heavy rainfall
and baseflow is very small. The sharp overland flow hydrograph is consistent with fast
response in steep slopes and steep channels. Thus, overland flow makes here an
important contribution to peak discharge in contrast with the CCB. Note that the
predominant component of streamflow over the WFPRB is still interflow, accounting for
a large portion (in excess of 56%) of the total volume, whereas baseflow is very small
(Table 3-4). The simulation driven by Q2+_All shows generally better performance than
that by Q2+_H/L, and the total flow volume is very close to the observed mangnitude
(about 0.17% error). The precipitation gradients in the WFPRB are small and the
catchment received a moderate amount of rainfall during Fay, and therefore Q2+_All is
the more appropriate rainfall forcing since the adjustment represents the overall
correction.
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Figure 3-11: The comparison between QFEs over the WFPRB generated from the
DCHM driven by three different rainfall datasets are shown in (a); the flow
components of estimated streamflow forced by Q2+_All are shown in (b). The upper
and right axis in (b) indicates basin areal averaged storm hyetograph.
3.6.1.3 East Fork Pigeon River Basin (EFPRB)
The EFPRB has similar relief as the WFPRB along the ridges but is characterized by
a much wider and longer central valley (Figure and Figure 3-2). The dominant land
cover is also deciduous and mixed forest, but with fractional pasture and extensively
developed areas in the flatter areas of the valley (Figure 3-2). The higher elevations and
more sparse vegetation result in much drier initial soil moisture conditions at this time
of year over EFPRB (initialized as 20%, 30% and 40% for the three layers respectively).
Soil properties over the EFPRB are quite similar to the WFPRB (Figure 3-2). The major
difference between the EFPRB and the WFPRB is in the depth of the top soil layer (10cm
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in the EFPRB). The large Ksat, high porosity, thicker and drier soils explain the slower
response of the hydrograph as there is significant avaiable subsurface storage when the
storm arrives.
Comparisons between simulations (QFEs) and observations over the EFPRB are
provided in Figure 3-12a, and flow apportionment for the simulation driven by Q2+_H/L
is shown in Figure 3-12b. The QFEs forced by Q2+ agree well with the observed
hydrograph in terms of peak time, peak value and total water volume, with significant
improvements in nowcasting errors using adjusted rainfall datasets (Q2+) as compared
to Q2 (Table 3-4). Figure 3-12b shows that interflow is the faster and dominant
contribution to streamflow regarding both flow rate and total volume. The fast timing of
the interflow response reflects the contributions from the steep slopes along the ridges.
However, it is the deep soils and wide valley landscape, similar to the CCB, which
control the magnitude of interflow.
In Table 3-4, the highlighted error metrics indicate the best performance of QFE for
each term. Note that there are significant improvements in peak values and water
volumes of QFEs for the three basins using Q2+ datasets compared to the QFE driven by
Q2, as expected. As for the time-to-peak error, the QFEs driven by Q2+_All have the
smallest errors over the CCB and EFPRB, respectively 0.17hr (about 10 minutes) and
0.58hr (about 35 minutes) at the outlet. Over the WFPRB, the time-to-peak error is on the
order of one hour, and the smaller magnitude of time-to-peak error is from the QFE
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driven by Q2. However, the sign of the error is negative (-0.83hr) where is positive for
the Q2+ QFE. This illustrates the importance of space-time organization at very small
scales, and the implications of using all network raingauges to derive Q2+ as opposed to
a selected number within and in close vicinity to the basin. That is, bias correction
should be conducted at even finer scales. Nevertheless, positive errors are always
preferable for operational flash-flooding nowcasts. It should be also stressed that the
QFEs with the smallest peak value error and water volume error do not always show the
best peak time, for example the QFE driven by Q2+_H/L over the EFPRB has the
smallest error in peak value and also good estimation of water volume, but it exhibits a
slightly larger error in the peak time (0.67hr, about 40 min) compared to the QFE driven
by Q2+_All (0.58 hr, or about 35 min). Further quantitative evaluation of the QFE
performance is presented in Section 8.
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Figure 3-12: The comparison between QFEs over the EFPRB generated from the
DCHM driven by three different rainfall datasets are shown in (a); the flow
components of estimated streamflow forced by Q2+_H/L are shown in (b). The upper
and right axis in (b) indicates basin areal averaged storm hyetograph.

3.6.2 Uncertainty Analysis
As stated in Section 5, the LR method can potentially overestimate heavy rainfall
and underestimate light rainfall due to the assumption of spatial stationary. A number
of stochastic methods based on probabilistic models have been proposed to model the
temporal-spatial characteristics of rainfall fields to evaluate the impact of uncertainty in
rainfall input on hydrological response (Nikolopoulos et al., 2010; Schroter et al., 2011).
In our study, both of the adjustment methods (LR and MCI_LR) rely on linear regression
models to minimize the sum of the squared errors (SSE) between raingauge observations
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and radar-based rainfall fields, and to determine ‘best fit’ predictors over the basins,
assuming that the observation errors are uncorrelated and normally distributed with
mean zero and constant variances. Though the comparison results in terms of both
rainfall rate and accumulation demonstrate significant improvements in Q2+ data,
characteristics of the uncertainty in these rainfall datasets pertaining to how they were
derived from the same baseline product (Q2) and the same observations are yet to be
identified. In particular, the propagation of this uncertainty in the hydrologic model and
how that translates into QFE uncertainty needs to be evaluated.
For this purpose, the uncertainty and variability of rainfall were assumed first to be
normally distributed (e.g. within 95% confidence intervals of regression models) for each
pixel at each hour. Second, the impacts of the uncertainty in the rainfall fields on
hydrological response were evaluated through model simulations forced by QPEs
generated by Monte Carlo replication. Specifically, rainfall replicates were randomly
sampled from the normal distribution with mean as the optimal predictor and standard
deviation as one third of the confidence interval (including 99.7% of the distribution) for
each pixel at each time step. In this way, rainfall replicates account for the spatial
uncertainty and variability, while maintaining the temporal structure of rainfall. The
same procedure was repeated for Q2+_All and Q2+_H/L. Figure 3-13 shows 100 rainfall
replicates sampled from the 95% confidence intervals of the regression models at the
pixels with raingauges, representing the rainfall variation. The variability generated
from Q2+_H/L is larger than Q2+_All for the same confidence interval because Q2+_All
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utilized data from all the gauges, and thus the regression models were relatively more
stable compared to Q2+_H/L. These 100 rainfall replicates as well as the confidence
bounds at 95%, 70% and 50% were used to force the DCHM and to evaluate the impact
of rainfall uncertainty on runoff response. The resultant simulations over WFPRB and
EFPRB are shown in Figure 3-14, as well as the estimated streamflow forced by Q2+_All
or Q2+_H/L.

Figure 3-13: Example of rainfall uncertainty for Q2+_All (a) and Q2+_H/L (b)
associated with regression models at each hour; smaller symbols indicate the rainfall
replicates sampled from the 95% confidence intervals of regression models.
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Figure 3-14: The observed hydrographs (black) and simulated QFEs (red) forced by
Q2+_All in left panel (a and c) and Q2+_H/L in right panel (b and d) over the WFPRB
(upper) and EFPRB (lower); The ensembles of simulated QFEs forced by rainfall
replicates are indicated by blue dash lines; Shaded gray, green and yellow areas are
the uncertainty estimates of simulated streamflow for the 95%, 70% and 50%
confidence intervals (CI), respectively.
As it can be seen from Figure 3-14, the simulation ensembles (blue dash lines) over
the WFPRB (upper) and the EFPRB (bottom) show small discrepancies against the
simulated hydrograph forced by Q2+_All or Q2+_H/L (red lines), both of which fall
within the uncertainty bounds of rainfall generated at 95%, 70% and 50% confidence
intervals (CI, shaded areas). However, note the spread around peak flows and falling
limbs, embedded in large shaded areas indicating wide variation in streamflow volume,
and more specifically in the interflow hydrograph. Thus, rainfall uncertainty effects are
magnified after most of the basin is hydrologically engaged by the storm – that is, when
interflow dynamics are dominant. The impacts of uncertainty in rainfall on streamflow
over the EFPRB are much larger than in the WFPRB. This is attributed to the fact that no
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raingauge exists over the EFPRB (out of the GSMRN, HADS and ECONet networks),
and thus the regression models cannot capture the actual space-time structure of rainfall.

Figure 3-15: Relative errors in peak flow versus the corresponding RMSE of rainfall
replicates sampled from 95%, 70% and 50% confidence interval (CI) associated with
Q2+_All (a and c) and Q2+_H/L (b and d) over the WFPRB (upper) and EFPRB (lower).
The scatter plot of relative errors in peak flow versus the corresponding RMSE
calculated from the 100 rainfall replicates simulations are given in Figure 3-15. The
relative errors in peak flow were calculated as [100×(Pest-Pobs)/Pobs], where Pest is the
estimated streamflow peak and Pobs is the observed peak flow. Because the observed
streamflow records are available at 15 minute intervals, whereas the simulation timestep
is 5 minutes, the simulated 5-min streamflow time-series were averaged to 15 minutes,
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and then smoothed using a four-step (20 minutes) window to ensure continuity. It is
apparent that the RMSE from replicates corresponding to the 50% CI (yellow) are
smaller than those for larger CIs of the regression models. Nevertheless, the relative
errors of simulated peak associated with Q2+_H/L are much smaller (within ±10%) than
those with Q2+_All over EFPRB. The opposite is true over the WFPRB, consistent with
the discussion in Section 6.1 above. The dotted areas demonstrate that the error
propagation through the hydrological model is highly non-linear. Larger ranges of
RMSE for Q2+_H/L than for Q2+_All indicate larger uncertainty in the Q2+_H/L dataset
(Figure 3-15 b and d), which translates into relative errors in peak flow with ranges on
the order of 20% for both WFPRB and EFPRB. In contrast, uncertainty in Q2+_All
(Figure 3-15 a and c) corresponds to relative errors within the 10% range for WFPRB (5%~5%) and also 20% for EFPRB (0%~20%). Therefore, the propagation of rainfall
uncertainty through the DCHM can be explained by basin geomorphological attributes
(e.g. organization of channel networks) and hydrologic conditions (e.g. initial soil
saturation states).
Figure 3-16a and b shows spatial rainfall, and the soil moisture fields in the top
three soil layers corresponding to the 70% CI bounds (upper and lower) and the
ensemble mean from the Monte Carlo simulations over the EFPRB at two selected times
as indicated by gray bars in Figure 3-16c. As it can be seen from the figure, the rainfall
uncertainties propagate through the non-linear rainfall-subsurface flow mechanisms,
causing large uncertainties in spatial distribution of soil moisture across the basin. The
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complexity of basin’s geomorphology, e.g. the organization of the channel network
(shown in Figure 3-16 a and b), largely determines the non-linear propagation of
uncertainty through the organization of subsurface flow pathways. This uncertainty
further affects the time-to-peak along with the evolution of soil moisture conditions as
indicated by the Figure 3-16c. Another factor potentially influencing the uncertainty
propagation is the initial degree of soil saturation distribution in the basin. Given the
same rainfall input, the simulation results would be influenced by initial soil moisture
which determines the available storage and subsurface flow gradients. Further
discussion about the sensitivity of LSHM to soil moisture can be found in Yildiz and
Barros (2007).
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Figure 3-16: Spatial rainfall for the 70% CI upper and lower bounds, and ensemble
mean for the Monte Carlo simulations and the corresponding simulated soil moisture
fields in the top three layers over the EFPRB at two selected times (a and b) indicated
by the gray bars in c), which shows the basin areal averaged soil moisture time series
driven by the Q2+_H/L.
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Figure 3-17: The combination of Q2 with simulated GPM rainfall sampling from
Q2+_All over the WFPRB (a), and with simulated GPM rainfall sampling from
Q2+_H/L over the EFPRB (b). GPM# refers to the three different 3-hour sampling
schemes indicated by green, blue and red lines.

3.7

Quantitative flash-Flood Forecasts (QFFs) based on QPE
and QPF
The success in nowcasting (QFE) streamflow response for Fay encourages the

investigation of Quantitative flash-Flood Forecasts (QFFs) in the Great Smoky
Mountains driven by the combination of historical and real-time QPE and future QPF
time series. As documented in Sections 5 and 6, the performance of the hydrologic
model is determined to the first order by the rainfall forcing. The value added by near
realtime satellite-based remote sensing products into operational QPE (Q2) will also be
assessed to show the possibility to obtain benefits of satellite products for flash flood
forecasting.
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Because of their unimpeded view of precipitation systems from the top, there has
been great expectation with regard to the utility of satellite products for improving flood
forecasting performance especially for fast response events and in regions of complex
terrain (Collier, 2007). Here, we demonstrate the potential value of nearly instantaneous
satellite overpass precipitation measurements such as those from the Global
Precipitation Measurement (GPM) mission to improve flash flood forecasting in the
Southern

Appalachians.

GPM,

scheduled

for

launch

in

2014

(http://science.nasa.gov/missions/gpm/), will provide frequent (about every 3-6 hours
overpass revisit interval) enhanced precipitation observations (Hou et al., 2008; Neeck et
al., 2010; Tapiador et al., 2011; 2012). For this purpose, a simple GPM OSS (Observing
System Simulator) concept that relies on the assumption that the GPM rainfall retrieval
algorithms and observations would yield rainfall fields that match the Q2+ datasets at
the time of overpass was implemented. Specifically, GPM proxy data were generated by
sampling Q2+_All and Q2+_H/L every three hours assuming that the retrieval error has
the same characteristics as the best available estimates of rainfall. The goal here is to
demonstrate the importance of high-frequency observations for fast rainfall-runoff
response. That is, to assess the benefit of having precipitation measurements in
otherwise ungauged basins, and to assess the relationship between measurement timing
and QPE skill in the context of storm evolution. The proxy GPM products were
subsequently nudged to Q2 in real time, and the merged product is used as QPE for
each forecasting time as illustrated in Figure 3-9.
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Figure 3-17 shows the merged Q2 with proxy GPM over the WFPRB (a) and EFPRB
(b). Consider a sequence of six overpass times (SSSSSS) where S is a pixel value of Q2+
rainfall on the GPM trajectory at the time of overpass, and X is the corresponding Q2
value. The notation Q2&GPM# is intended to indicate that Q2 datasets incorporated the
available GPM products generated by sampling from Q2+ according to three sampling
order denoted by #: Q2&GPM1 (green) refers to the merged (SXXSXX) sequence,
Q2&GPM2 (blue) refers to (XSXXSX), and Q2&GPM3 (red) refers to (XXSXXS).
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Figure 3-18: Quantitative Flash-Flood Forecasts (QFFs) by DCHM driven by the
combination of Q2&GPM#+QPF over the WFPRB. GPM were obtained by sampling
the Q2+_All dataset. Two QFFs made at 12:00am on 26 Aug. and 00:00am on 27 Aug.
are shown by a) and b) respectively.
There has been extensive work on assessing satellite error metrics of satellite rainfall
and its implications for real-time hydrological applications at various spatial and
temporal scales (e.g. Gourley et al., 2011; Hossain and Anagnostou, 2004; 2006; Hossain
and Huffman, 2008; Nijssen and Lettenmaier, 2004 and many others). Previously, Pratt
and Barros (2010a) conducted error analysis of TRMM PR (Precipitation Radar) rainfall
estimates specifically focusing on Tropical Storm Fay, which could be used as a basis to
derive a satellite rainfall error and bias correction models. However, here, the focus is on
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the importance of satellite revisit times alone, and stated above observational errors at
the time of overpass are assumed negligible for simplicity. The QPE is based on Q2
alone, because in standard operational circumstances in ungaguged basins there will not
be a high density raingauge network available, and that is where the greatest value from
satellite information is to be gained.
Only QFFs produced by the rainfall incorporated into GPM products generated
from Q2+_All for WFPRB and from Q2+_H/L for EFPRB are examined next (Figure 3-18
and Figure 3-19). In Figure 3-18and Figure 3-19, the point where the dashed line changes
to solid line represents the forecast issue time or current time tc. Before time tc rainfall
forcing is the QPE (Q2 without satellite information), and after tc the rainfall forcing is
QPF. The predicted streamflow (QFF) at time t (x-axis) has a lead time (t-tc). The forecast
hydrographs in green, blue and red represent the streamflow forecasts forced by
Q2&GPM# corresponding to sampling order # as displayed in Figure 3-17. Figure 3-18
and Figure 3-19 show that the Q2-QPF driven QFFs (yellow lines) severely
underestimate both the peak and volume of the river flow, even though QFFs increase
somewhat occasionally at particular forecasting times because ofthe QPF overestimation
discussed in Section 5.3. The lack of QFF skill documented here is not unexpected
(National Research Council, 2005).
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Figure 3-19: Quantitative Flash-Flood Forecasts (QFFs) by DCHM driven by the
combination of Q2&GPM#+QPF over the EFPRB. GPM were obtained by sampling
the Q2+_H/L dataset. Two QFFs made at 12:00am on 26 Aug. and 00:00am on 27 Aug.
are shown by a) and b) respectively.
Three QFFs made at 12:00am on Aug.26 and at 00:00am on Aug.27 are shown.
Figure 3-18 clearly demonstrates that the QFF performance in the WFPRB is significantly
better with the incorporation of satellite observations, in particular note the
improvement in the QFF issued at 00:00am on Aug.27. Although the GPM proxy
observations cannot resolve the problem of missing rainfall between revisit times as it
can be seen with respect to cumulative precipitation, the streamflow nowcast shows
stronger peak response, with peak flow and peak time consistent with observations. In
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this case, the key factor is the concurrence of the precipitation system and satellite
overpass over the basin.
Unlike the significant improvements in QFF over the WFPRB, the streamflow
forecasts over the EFPRB exhibit minimum improvement between the simulations with
and without the GPM proxy observations (Figure 3-19). Because of Fay’s persistent
rainfall over the EFPRB (Figure 3-17), the instantaneous satellite observations do not add
significant new information as compared to that is available in the QPE. In addition, a
very important physical control of flash flood response is missing when analyzing these
particular results: the skill improvement due to the ingestion of new observations
depends on the soil moisture distribution at the forecasting time, which in turn depends
on prior rainfall forcing. That is, the lack of improvement for the EFPRB with an area
about twice that of the WFPRB has not to do with spatial scale per se, or with rainfall
forcing alone, but with the ability to capture the space-time evolution of the hydrological
states that control the rainfall-runoff processes.

This suggests that continuous

hydrological simulation of such basins with improved QPE at higher temporal
resolution, thus capturing more accurately the processes associated with nonlinear
rainfall-runoff dynamics, would have a significant impact on assessing flash flooding
potential, and on QFF skill. Nevertheless, the absolute magnitude of peak flows
generated for Q2&GPM# (green, blue and red line) are more than twice the peak value
of the yellow line (Q2), and have better peak timings as well, despite the still severe
underestimation and time-to-peak delay. The QPF influences the QFF accuracy
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substantially. Note that the cumulative precipitation in (a) at the end of simulation
period is always much larger than that in (b) both in Figure 3-18 and Figure 3-19, which
is attributed to the overestimation of QPF with large lead times on the one hand, and the
Q2 systematic underestimation on the other (see discussion in Section 5). As time
evolves, QPF is replaced by Q2 as forecasts become hindcasts, and the QFF further loses
skill for some situations. For instance the hindcast at 00:00am on Aug.29 is poorer than
that at 00:00am on Aug. 27 over the EFPRB (Figure 3-19). By contrast, the merging of
GPM proxy observations with Q2 always leads to improvements for both WFPRB and
EFPRB, independently of whether the overpass is concurrent with heavy rainfall or not.
Shorter satellite revisit times would lead to increasingly improved QFF, which may be
achieved in the future by multiple platforms.

3.8

QFE and QFF Performance Metrics for Tropical Storm Fay
To evaluate the performance of both QFE and QFF quantitatively, error statistics

associated with flash-flood nowcasts and forecasts are computed and compared. In this
study, three error indices are used to evaluate the performance of QFE and QFF for Fay,
namely Root Mean Square Error (RMSE), RMSE-observations standard deviation ratio
(RSR) and Nash-Sutcliffe efficiency (NSE). The RMSE is a commonly used error index
for evaluating operational flood forecasts, e.g. verification of river forecasting
(Demargne et al., 2009). The RSR is a RMSE normalized by the standard deviation of the
observations (Moriasi et al., 2007). The NSE is a widely used indictor for evaluating the
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goodness of simulation compared to observations (Nash and Sutcliffe, 1970). These error
indices are modified to account for the forecast errors with respect to variant lead times,
as shown in Equations (3) to (5):

∑
(
i =1
N

RMSE:

ej =

Qˆij − Qi

)

ej =

∑
(Qˆij − Qi )
i =1

(Qi − Q )
∑
i =1
N

e j = 1−

2

Qˆij − Qi )
∑
(
i =1

(
∑
i =1
N

Qi − Q

(3.4)

2

N

NSE:

(3.3)

N
N

RSR:

2

)

2

2

(3.5)

where ej indicates forecast error for lead time j, Qˆij is the forecasted streamflow at time
step i with a lead time j, while Qi means the observation at time step i and Q is the mean
of observations. N represents the total number of observations. Both RMSE and RSR are
always larger than or equal to zero, while NSE ranges from -∞ to 1. The lower the RMSE
and RSR, the better the forecasting performance. For the NSE, the closer the values are to
unity the better the performance, and positive NSE values are indicative of useful
(acceptable) performance (Moriasi et al., 2007).

In the literature, error statistics are

calculated typically for daily streamflows and larger basins, whereas the error metrics
are calculated for each basin using 15-min time-series of both observations and forecasts
as described next.
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To calculate the error metrics, the estimated and forecasted 5-min streamflow timeseries were averaged to the 15-minute temporal resolution of the observations as
described in Section 6.2. For nowcasts, the QFF is actually a QFE at the forecasting time.
Table 3-5 presents the summary of QFE error indices for Fay. Both RMSE and RSR with
Q2+ as the rainfall forcing are reduced to less than half of the value when using Q2,
especially for EFPRB. Likewise, tremendous improvements are found in the NSE values
for Q2+ which become very close to 1, whereas NSE values were negative for Q2 driven
QFE. Confirming earlier assertions, Q2+_All is the best dataset for WFPRB while
Q2+_H/L is best for EFPRB, indicated by the highest NSE of 0.82 for the QFE forced by
Q2+_All over the WFPRB, and the highest NSE of 0.90 for the QFE forced by Q2+_H/L
over the EFPRB. These values are remarkable considering the time-scales of interest in
this study, and confirm the high level of performance of the DCHM without calibration.
Table 3-5: Error Index of QFE (nowcast) performance
Basins

WFPRB

EFPRB

QFE By:
Q2
Q2+_All

RMSE
31.97
12.60

RSR
1.07
0.42

NSE
-0.15
0.82

RMSE
39.94
12.47

RSR
1.22
0.38

NSE
-0.49
0.86

Q2+_H/L

13.78

0.46

0.79

10.50

0.32

0.90

A summary of the error statistics of QFFs over the WFPRB and the EFPRB for a
range of lead times are displayed in Figure 3-20. All error statistics become worse with
increasing lead times up to six hours, the accepted upper limit of the characteristic
response time of flash floods. For the WFPRB, both the RMSE and RSR are reduced
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while the NSE increases substantially comparing to the error indices of QFF without
GPM information. It should be stressed that the NSE of the QFF generated by the
DCHM driven by Q2&GPM2 (Q2+_All)_QPF is actually positive, though small, thus
implying that the forecast skill is useful. In contrast to the WFPRB, all the QFF error
statistics only improve marginally over the EFPRB with GPM as expected from the
analysis in Section 7. In addition, error metrics do not change significantly with
increasing lead time, which means that the overall forecast skill is poor.
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Figure 3-20: Error statistics for QFF including RMSE, RSR and NSE for different lead
times over the WFPRB (left) and EFPRB (right), calculated using 15min time-series.
Overall, the results for the two Q2+ datasets are consistent with the conclusions in
Sections 5 and 6. The difference between the two different revisiting times (GPM2 vs.
GPM3) for these two adjacent catchments shows that the ability to capture large rainfall
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variability both in space and time is essential for producing accurate unbiased QFF, and
that increased overpass frequency should lead to improved forecasts. Due to the multisatellite, multi-sensor architecture of GPM, and the increasing number of active
geostationary weather satellites, there is great potential to engineer higher frequency
rainfall observing schemes over regions of the world with higher overpass density (Hou
et al. 2008).

3.9

Summary and Discussion
A detailed investigation of the relationship between space-time variability of

rainfall and flashflood forecasting in regions of complex topography was conducted
using a high-resolution physically-based hydrological model (DCHM) driven by
operational QPE and QPF during Tropical Storm Fay. The operational QPE product Q2
was adjusted based on error structures derived from the comparison between raingauge network observations and hourly Q2 rainfall fields. The adjusted rainfall datasets
(Q2+) show significant improvement, with remarkable reduction in the RMSE of hourly
rainfall, especially when the ridge–valley rainfall gradients that result from linear
orographic effects were taken into consideration.
The QFEs produced by the DCHM driven by Q2+ rainfall fields over three small
headwater catchments of the Pigeon River in the Southern Appalachians agree well with
observations in terms of both peak characteristics and total flow volume with NSE
values close to 0.9, which indicates that flash floods are predictable using the
uncalibrated model given reasonable rainfall forcing. Furthermore, we show that a
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critical factor of predictability is the model’s ability to capture the interflow regimes of
the different basins. This is consistent with Flugel and Smith (1999) who argued that
interflow is the dominant rainfall-runoff response process in headwater catchments.
Two geomorphic traits are favorable for the generation of significant interflow: deep
soils in flat and wide valleys (e.g. CCB and EFPRB), and thin soils in very steep slopes
and narrow valleys (e.g. WFPRB). Though the generation mechanism is different
depending on basin hydro-geomorphic properties, the contribution of interflow to total
discharge was dominant (50%~70%), with higher values for the CCB. It is therefore
critical to correctly estimate flow components of streamflow and not only river
discharge. Furthermore, subsurface flows in shallow mountain soils are linked to the
initiation of debris flows, mudflows and landslides (Kirschbaum et al., 2011; Liao et al.,
2011; Witt, 2005b; Wooten et al., 2008). This is particularly important in the case of longduration regional-scale events such as tropical storms and hurricanes that engage
multiple basins and different sectors of the same basin at different times.
Propagation of space-time uncertainty in rainfall to streamflow estimation by the
hydrologic model was assessed through Monte Carlo simulations. The results show that
the propagation of uncertainty in rainfall through the hydrological model is highly nonlinear, and depends on basin hydro-geomorphology and the evolution of soil moisture
conditions with time.

Figure 3-16 illustrates the large uncertainty in the spatial

distribution of soil moisture, the gradients of which reflect the spatial organization of
large interflow, which in turn can trigger landslides. This illustrates the importance of
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distributed hydrologic modeling for a comprehensive assessment of natural hazards in
mountainous regions.
Deterministic operational QFFs during the passage of Tropical Storm Fay over the
Pigeon River basin were simulated using Q2 and NDFD QPF to examine QFF
performance in the WFPRB and the EFPRB.

The utility of introducing satellite

observations into QPE for improving flash flood forecasting in ungauged basins was
subsequently evaluated by merging rainfall fields sampled from Q2+ with Q2 at
scheduled GPM-like revisiting overpass times. The results show that significant
improvements estimated from ground-based radar can improve the accuracy of QFF
significantly for the WFPRB. Even when the three-hour revisit times are such that the
peak rainfall periods are missed, the forecasts still represent an improvement over
current guidance. This was not the case for the EFPRB, in which case the evolution of
soil moisture conditions across the basin during the actual event is critical to determine
the timing of flash flood response as illustrated in Figure 3-16. Thus, the improvement
depends strongly on storm-dependent and basin-specific rainfall-runoff dynamics
suggesting that a continuous simulation approach is advantageous in contrast to the
threshold based approach often used in operational Flash Flood Guidance. In addition,
because complex rainfall-runoff dynamics requires accurate and frequent-updated QPFs,
higher spatial resolution of NWP QPF and reduced latency in assimilating precipitation
observations where and when available should improve QFF skill. For instance, the
High-Resolution Rapid Refresh (HRRR, http://ruc.noaa.gov/hrrr/), a real-time high130

resolution (3km), hourly updated, atmospheric model initialized by DFI-fields (Digital
Filter Initialization fields) from the 13km radar-enhanced ESRL Rapid Refresh(RAP)
product, could be a promising QPF alternative (Smith et al., 2008; Stensrud et al., 2009;
Weygandt et al., 2008).
Whereas the current study was conducted with the access to a high density, sciencegrade raingauge network over the region, the QFF demonstration is illustrative of
expected performance in ungauged basins. As suggested by previous studies,
approaches to improve QPF through post-processing using for example artificial neural
networks (ANN) and Model Output Statistics (MOS) (Kuligowski and Barros, 1998a;
1998b) can be potentially coupled to HRRR- like products to improve skill in the United
States, but elsewhere in the world this is not likely to be possible. Kim and Barros (2001)
showed that far-range satellite-based observations [both rainfall and storm structure]
could be used along with remote ground-based information [profilers and raingauges]
in data-driven models (ANN specifically) to improve the skill and lead-times (18-24
hours) of flood forecasts in the Northern Appalachian Mountains, albeit for larger basins
[750 - ~9,000 km2].

These approaches indicate that a global-scale warning and

emergency response system of hydrometeorological hazards (e.g.Hong et al., 2007b;
Hossain, 2006) is within reach as access to multisensor satellite observations including
rainfall (GPM), storm structure (GPM and JPSS- Joint Polar satellite System,
http://www.nesdis.noaa.gov/jpss/], and soil moisture [e.g. SMAP- Soil Moisture Active
Passive mission, http://cce.nasa.gov/pdfs/SMAP.pdf] on the one hand, and high–
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resolution QPF from numerical weather prediction models (e.g. Sun and Barros 2012),
and high-resolution QFF from uncalibrated distributed hydrologic models with data
assimilation are less and less constrained by computational resources. [For example, a
parallelized implementation of the model used here can perform concurrent simulations
for various watersheds such as those described here with latencies of 1-2 minutes.]
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4. Coupled Prediction of Flood Response and Debris
Flow Initiation
4.1

Introduction
The Southern Appalachians have been prone historically to devastating

landslides, due to the combination of steep terrain, poorly consolidated colluvium soil
mantle, and regional climate (Radbruch-Hall et al., 1982; Wieczorek et al., 2009b). The
most common and dangerous type of landslide in this region is debris flow (Witt,
2005b), which causes frequent damage to critical infrastructure, in particular roads and
private property, and have caused numerous fatalities over the years (Wieczorek and
Morgan, 2008). For example, landslide hazard risk assessments indicate that up to 50%
of the area of the Pigeon River basin in the Southern Appalachians is highly unstable
(Witt, 2005a; Witt, 2005b). Past climatological attribution studies have established that
widespread landslides in the Southern Appalachian Mountains are primarily induced
by heavy rainfall (Wieczorek et al., 2009b) associated with tropical storms: the remnants
of Hurricanes Frances and Ivan in 2004 triggered at least 155 landslides and caused ten
fatalities (Wooten et al., 2008). The region is considered a landslide hazard area of high
potential (United States geological Survey, USGS Fact Sheet 2005-3156), and the USGS
has been operating a warning system in the region since 2004 when major hurricanes
threaten the area (Baum and Godt, 2010). Note that landslides in remote uninhabited
areas remain undetected until a systematic ground-survey or a survey-flight is
undertaken, thus hindering direct attribution. There is therefore an implicit bias in the
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interpretation of rainfall-debris flows statistics toward the widespread events associated
with summertime tropical systems, which remain short of explaining the over 5,000
events mapped so far in the Southern Appalachians.
Historical inventories of landslides and susceptibility maps for the Southern
Appalachian Mountains are well documented (Clark, 1987; Fuhrmann et al., 2008;
Wieczorek et al., 2009b; Wieczorek and Morgan, 2008; Wieczorek et al., 2004; Witt,
2005b; Wooten et al., 2008). Note there are three modes contributing to debris flow
mobilization, namely Coulomb failure, liquefaction and transient/mixed modes of the
two (Iverson et al., 1997). The Coulomb failure mode initiates shallow landslide activity
which can develop into debris flows. This is the key initiation mechanism in the region
of study. Debris flow propagation (post-failure) is not addressed in this study. Forensic
surveys and maps of historical events provide critical baseline data for qualitatively
assessing and predicting potential debris-flow hazards because there is a higher
potential for isolated landslides during heavy rainfall events in the areas along the path
of previous debris flows. In addition, deterministic or probabilistic empirical approaches
based on rainfall thresholds for predicting landslides through analysing rainfall
intensity-duration characteristics and, or calculating a simplified landslide susceptibility
index based on terrain topography have been developed also for the Southern
Appalachians (Berti et al., 2012; Guzzetti et al., 2007; Hong et al., 2007a; Kirschbaum et
al., 2011). However, limited rainfall observations in the past have handicapped the
effectiveness of rainfall threshold methods, and the triggering mechanisms inducing

134

slope instability and failure are also controlled by many other factors such as aquifer
structure (and water pathways at the soil-regolith-bedrock interface), soil characteristics
(e.g. soil cohesion, friction angle, particle size distribution), vegetation (e.g. root
distribution and cohesion), bioactivity (e.g. worms and burrowers),

antecedent soil

moisture, and subsurface water movement. Simplified steady-state hydrological models,
such as SHALSTAB (Montgomery and Dietrich, 1994) and SINMAP (Tarolli and
Tarboton, 2006), take most of the static factors and climate information (e.g. soil
properties, slope, vegetation characteristics, soil wetness, etc.) into consideration, and
thus can provide climatologically meaningful susceptibility or risk assessments based on
high-resolution DEM (Digital Elevation Model) and derived

geomorphologic

characteristics, but cannot predict the dynamic occurrence of debris flow including the
effects of antecedent soil moisture during specific events.
Baum and Godt (2010) reviewed early warning systems for shallow rainfallinduced landslides in the USA, which consist of evaluating the likelihood of landslide
activity in terms of alert levels (Null, Outlook, Watch and Warning) by comparing
Quantitative Precipitation Forecasts (QPF) against rainfall-intensity-duration thresholds
and antecendent precipitation conditions (soil wetness). The challenges in these early
warning systems are the accuracy and lead time of the QPF, the uncertainty in the
characterization of geotechnical conditions including land-use and land-cover, and the
relationships among hydrological, hydrogeological and slope stability during individual
events. Due to the small areas and steep slopes of headwater catchments in mountainous
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regions, large rainfall events tend to produce flashflood response and multiple debris
flows within the same watershed. From the point of view of public safety and warning
systems, predicting the flash-flood peak and the location of debris flow initiation is
essential, though ultimately the utility of the forecast very strongly hinges on the lead
time. Nevertheless, in the case of landslides, such diagnostics can be extremely useful to
provide guidance to after-event forensic surveys.

In order to better simulate the

landslide initiation zone, sensor networks monitoring water levels and soil moisture and,
or pressure head in soils can be integrated with threshold warning systems, a strategy
that holds great potential to manage clustered hazards in urban centers such as Seattle
or San Francisco. However, in remote locations the use of distributed sensor networks
for near real-time assessments of hillslope conditions is not economically and even
technically feasible at times. Therefore, predictive models are highly desirable.
The need for coupling dynamically distributed hydrologic models with slope
stability models required to quantitatively model or predict the debris flow occurrence
both in space and time has been articulated earlier (Baum et al., 2010; Iverson, 2000;
Montgomery and Dietrich, 1994; Safaei et al., 2011; Simoni et al., 2008). A widely used
modeling strategy consists of using some analytic approximations of Richards‘ equation
coupled with the infinite slope stability model (Taylor, 1948). For instance, the Transient
Rainfall Infiltration and Grid-based Regional Slope-stability (TRIGRS) model was
developed by Baum et. al. (2002) based on a transient rainfall-infiltration model coupled
with a infinite slope-stability model after Iverson (2000). TRIGRS has been widely
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applied to study landslides triggered during different types of hydrometeorological
regimes (Baum et al., 2005; Baum et al., 2010; Godt et al., 2008; Liao et al., 2011;
Morrissey et al., 2008; Salciarini et al., 2006). Key limitations of TRIGRS include the
assumption that near-surface soils are saturated or nearly saturated, and are
homogeneous and isotropic, and the model is not able to simulate space-time flood
response. The latter requires a distributed hydrology model with routing capability.
Several distributed models have been coupled with the infinite-slope stability
model including stochastic uncertainty analysis to account for heterogeneity and errors
in specified soil properties (e.g. thickness, cohesion, friction angle). For example,
GEOtop (Rigon et al., 2006) was combined with an infinite-slope geotechnical model
(GEOtop-FS) to simulate the probability of shallow landslide occurrence for saturated
conditions, using Gaussian distributions to describe the range of independent
parameters and linear uncertainty analysis to estimate their combined effect on the
Factor of Safety (Simoni et al., 2008). Similarly, the HIRESSS (HIgh REsolution Slope
Stability Simulator) integrates a hydrological and a geotechnical model, computing
pressure head and then calculating the factor of safety, to provide the probability of
slope failure given an uniform probability distribution for input parameters using a
Monte Carlo technique (Rossi et al., 2013). The Connectivity Index-based Shallow
LAndslide

Model

(CI-SLAM)

combines

a

dynamic

topographic

index-based

hydrological model and an infinite slope stability model (Lu and Godt, 2008) to model
shallow landslides (Lanni et al., 2012). Lu and Godt (2008) showed that soil texture
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heterogeneity and hydraulic properties had large impact on the timing and depth of the
landslides initiation for variably saturated conditions. Similarly, Arnone et al. (2011)
used the TIN-based Real-Time Integrated Basin Simulator (tRIBS) with an embeded slope
failure method to estimate landslide initiation and performed sensitivity analysis of the model to
geotechnical parameters (e.g. soil thickness, cohesion and friction angle) for different rainfall
events.

For long time scales and from the perspective of landscape management (e.g.

timber harvesting impacts, road construction), a distributed slope stability model
(dSLAM), based on a surface-subsurface kinematic wave model including vegetation
impacts in terms of root strength and vegetation surcharge, was coupled to an infinite
slope stability model to analyse rapid, shallow landslides and the spatial distribution of
factor of safety in steep forested basins (Sidle and Wu, 2001; Wu and Sidle, 1995). One
common trait of these studies is that the simulated hydrologic response to rainfall
forcing (e.g. the flood hydrograph) is not evaluated, and the focus is on the landslide
initiation indices or prognostics independently of the underlying hydrologic states.
However, Mirus et al. (2007) investigated the role of subsurface flow using a three
dimensional numerical solution of Richards’ equation based on the control volume
finite-element method combined with an infinite-slope equation (Dutton et al., 2005),
and

demonstrated

that

pore-water

pressures,

and

thus

slope

stability,

are

underestimated without taking into account convergent subsurface flow. In this study,
we will further investigate the critical role of subsurface flow (especially interflow) in
triggering the debris flow occurrence. Both the flood response and the debris flow
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initiation produced by a coupled hydrological-stability model are validated against
streamgauge observations and the survey report on the debris flow events provided by
NCGS geologists (Dr. Richard Wooten, personal communication in 2012), respectively.
The record of debris flow events for warm and cold season events in the
Southern Appalachians reinforces the proposition that heavy rainfall alone and local
topography are not sufficient conditions to determine the locations at which debris flows
initiate. In this study, we investigate the hypothesis that subsurface flow is closely
associated with landslide hazards in mountainous regions through altering the water
pore pressure, and thus reducing the shear strength of shallow soils at high elevations
and on steep slopes.

Previous research has demonstrated that the contribution of

interflow to total discharge is dominant (50%~70%) for headwater catchments in the
Pigeon River Basin (Tao and Barros, 2013). For this purpose, a dynamical uncalibrated
hydrological model (DCHM) was coupled to slope stability models to produce spatially
and temporally variable depth-dependent (profiles) of the Factor of Safety (FS) estimates
over the Big Creek Basin (BCB) and the Jonathan Creek Basin (JCB) (as shown in Figure
4-1), two headwater catchments with a long documented history of landslide activity.
Three debris flow events of interest are examined in detail: a prolonged wintertime
event and a severe short-duration winter storm that took place around January 6-7 and
December 8-9 in 2009 respectively in the Jonathan Creek Basin (JCB); and a summertime
event around July 14-15, 2011 in the Big Creek Basin (BCB), about 15 years after a similar
event at roughly the same location that also caused a flash-flood in a neighbouring
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basin. The specific objectives of this study are two-fold: 1) to characterise the hydrology
mechanisms

leading

to

rainfall-induced

debris

flow

independently

of

hydrometeorological regime; and 2) to evaluate and assess the potential utility of
prediction the spatial distribution of regional slope instability by coupling a 3D
distributed hydrologic model with slope stability models.

The latter should be

particularly valuable in the Upper Pigeon and French-Broad river basins and in the
Southern Appalachians generally, which are undergoing very fast urbanization trends,
among the highest in the Eastern U.S.
The work is organized as follows. Section 5. 2 describes the methodology used in
this study for detection of debris flow occurrence, including the coupled hydrologic
model and slope stability models. Section 5.3 describes the study area and the landslide
events of interest, and the meteorological forcing datasets and ancillary parameters.
Analysis and interpretation of results are provided in Section 5.4. In particular, the
relationship between interflow and debris flow initiation is discussed in Section 5.4.2,
and model sensitivity associated with uncertainty in soil internal friction angle and
cohesion is investigated in Section 5.4.3.
conclusions.
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Section 5.5 provides a summary and

Figure 4-1: Topography, major rivers and raingauges over the Pigeon River basin in
North Carolina, USA. The Big Creek Basin (BCB) and the Jonathan Creek Basin (JCB)
are marked, and the Cataloochee Creek Basin (CCB) used for hydrological verification
is illustrated by shaded area. Simulated events of interest are marked using circles.
The debris flow occurred in the JCB in Januray 7th, 2009 destoryed a house
completely (shown in the picture below, courtesy goes to Dr. Richard Wooten).
Landcover and soil texture are also provided, indicating the spatially varying
vegetation and soil types over the basins.

4.2

Methodology
In this study, the focus is on the coupled simulation of flood response and debris

flow initiation, with an emphasis on the role of hydrologic processes, and interflow in
particular, in the redistribution of infiltrated rainfall in the landscape. For this purpose, a
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distributed hydrological model (DCHM) was coupled with two different approaches to
detect slope instability: 1) an infinite Slope Stability Index (SSI) method modified after a
widely used deterministic model (SHALSTAB, Montgomery and Dietrich, 1994), and 2)
a dynamic Factor of Safety (FS) model derived using the limit equilibrium method
accounting for both unsaturated and saturated soil moisture conditions and including
interflow. The objective is to simulate spatio-temporal distributions of SSI and FS at high
spatial and temporal resolutions to detect potential locations for rainfall-induced debris
flow initiation in headwater basins in the Southern Appalachians, which could be
integrated with a Quantitative flash-Flood Forecasting framework to improve the
effectiveness of regional early warning systems.

4.2.1 Land Surface Hydrology Model (DCHM)
A fully-distributed and physically-based three dimensional land surface
hydrologic model (DCHM) (Tao and Barros, 2013; Yildiz and Barros, 2007; Yildiz and
Barros, 2009) is used to solve the coupled water and energy balance equations including
coupled surface-subsurface interactions. The temporal and spatial resolution of model
simulations is 5 minutes and 250 meters respectively, which meets numerical stability
requirements, and reflects a compromise among the coarse spatial resolution of the
atmospheric forcing datasets (1-32 km), the spatial scale of terrestrial ancillary data such
as soils properties and vegetation cover (~1 km), and the spatial resolution adequate to
capture the governing hydrologic processes (e.g. Tao and Barros, 2013). Each grid
element in the modelling domain represents a vertical soil column initially consisting of
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both an unsaturated and a saturated zone. The unsaturated zone is discretized into three
soil layers that also serve as root layers (the number of discrete soil layers used to solve
the equations numerically can be significantly larger). The first soil layer in the
unsaturated zone functions as the land–atmosphere interface. At each grid element,
overland flow is first estimated either from infiltration excess or saturation excess
mechanisms at each time step, and then routed downslope by a surface flow routing
module that relies on a 1D kinematic wave approximation, assuming a linear flow
surface across grid cells (Yildiz and Barros, 2007). The Green–Ampt method is used to
describe infiltration. Although the model is equipped with a Richards’ equation solver,
it is not utilized here. The hydraulic conductivity that governs the gravitational mass
flux when the soil moisture is above field capacity follows Campbell (1974a). Subsurface
flow, comprising interflow and baseflow, is estimated at each grid element in each soil
layer, and then is routed to channel segments by a lateral subsurface flow routing
module using a modified multi-cell approach (Bear, 1979). The Muskingum-Cunge
method of variable parameters (Ponce and Yevjevich, 1978) is utilized for the channel
routing without significant backwater effects. Sensible and latent heat fluxes are
estimated based on the Monin-Obukhov similarity theory which provides dimensionless
variables expressing the buoyancy effects resulting from the vertical density gradients in
the stable atmosphere with modifications for unstable boundary layer conditions, and
are calculated using the input air temperature, air pressure, wind velocity and specific
humidity.

Radiative

forcing

is

calculated
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based

on

the

input

downward

shortwave/longwave radiation from the atmospheric forcing data set, and landscape
attributes such as albedo and emissivity. Further details on the representation of landatmosphere interactions in the model are described in Devonec and Barros (2002).
Detailed description and applications of the model can be found in (Tao and Barros,
2013; Yildiz and Barros, 2007; Yildiz and Barros, 2009). Note that, in principle, the
higher the spatial resolution the more rigorous the coupling between the hydrological
and slope stability models, and the more accurate representation of governing processes
and spatial gradients. Therefore, a scale effect is expected with simulated hydrologic
variables displaying smoother spatial distributions at coarser model resolutions (see for
example, Yildiz and Barros, 2009).
.

4.2.2 Slope Stability Models
4.2.1.1 Stability Index Mapping
Shear strength testing of soils in the Southern Appalachians indicates that soils in
debris flow initiation zones in the region of study are either cohesionless, or have very
low cohesion (Witt, 2005b). Based on the assumption that the water table follows
topography at small scales, and thus is parallel to the slope, and that the soil material is
cohesionless, Dietrich et al. (1993) proposed a simplified infinite slope stability model
using the conventional limit equilibrium method (i.e. at equilibrium, driving forces are
equal to resisting forces):

ρ s z tan θ = (ρ s z − ρ w h) tan ϕ ,

(4.1)
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where ρ s and ρ w is soil and water bulk density, respectively; θ is local slope angle, ϕ is
soil internal frictional angle; h is the saturated soil depth, and z is the total soil depth to
bedrock. Equation (1) then is used to map SSI (x,y,z) , based on the basin topographic
characteristics as per (Montgomery and Dietrich, 1994). Here, Eq. (1) ws modified to
incorporate simulated soil wetness by the DCHM since the term [ h / z ] is equivalent to
the saturation degree [ W = w / φ ], where w is the simulated volumeric soil moisture and

φ is soil porosity:


ρ
tan θ =  1 − w W  tan ϕ ,
ρs 


(4.2)

Thus, the slope stability classification will be performed using spatio-temporal
soil moisture distributions. The SSI classes range from unconditionally unstable, to
unstable, stable and unconditionally stable (as shown in Figure 4-2). The obvious merit
of this effective and simple approach is that it requires a small number of parameters
and state variables, such as soil internal friction angle, slope angle and wetness as input
fields. This is a significant advantage compared to methods requiring many parameters
that are not easy to measure and thus inducing uncertanties, especially over topographic
complex regions. Even though the SSI method is based on quantitative information
relating soil moisture and slope static properties, this information is aggregated into
broad qualitative categories using a threshold-base classification, which creates
ambiguity as many different slope states belong to the same category. That is, locations
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classified as unstable or unconditionally unstable pixels are highly susceptible to debris
flow, but is not necessary that debris flow will initiate.

Figure 4-2: Slope stability index classified by replationship between degree of soil
saturation and slope, modified from Fig. 2 in (Montgomery and Dietrich, 1994).

Figure 4-3: Conceptual schema of the geotechnical system, explicitly showing the
essential forces acted on a slope.
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4.2.1.2 Factor of Safety
Although the SSI can provide spatio-temporal instability information, it neglects
the soil cohesion and suction effects, as well as the relational position of a grid element
with respect to its neighbors. In order to quantitatively analyze the debris flow
triggering mechanisms accounting for all the dominant factors, the spatio-temporal
distribution of a factor that can represent the dynamic net forces acted on the slope
should be determined explicitly. The Factor of Safety (FS), defined as the ratio between
resisting forces and the driving forces, is a widely used factor for slope instability
analysis. In this section, a dynamic form of the FS equation using the limit equilibrium
method for an infinite slope was derived as described next.
Figure 4-3 shows the diagram of forces acting at a generic location x and depth z
on a cross-section of the conceptual infinite slope model. The Z-axis is normal to the
surface and positive in the downward direction. The X-axis is parallel to the slope
surface, and thus normal to Z. FN and FP are the normal component and along slope
components of the weight G, respectively. The normal component of the weight is
counteracted by the normal resisting force N.

In the along slope direction, FP is

counteracted by the friction Ff, suction Fs and cohesion Fc forces. The Coulomb failure
mode occurs when the shear stress at failure on the failure plane equals or exceeds the
resultant of friction, suction and cohesion stresses, that is FS≤1. The infinite slope model
has two critical assumptions. First, it assumes that the slope failure occurs within a thin
soil layer, and second it assumes that the failure plane is of infinite length, i.e. H<<L in
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Figure 4-3. In this study, the “effective” L is the spatial resolution of the model (250m),
whereas H is the soil mantle thickness, which is a spatially variable ranging 10’s cms at
higher elevations to 100’s cms at lower elevations and in the valleys, thus L/H is always
larger than the critical ratio of 25 above which the infinite slope assumption is valid
(Milledge et al., 2012).
For unsaturated conditons, as shown in Figure 4-3, the limit equilibrium
equation should be writen as,

FN (z, t ) = G(z, t )cosθ

FP (z, t ) = G(z, t )sinθ
F ( z, t ) = F ( z, t ) + F ( z , t ) + F
f
s
c
 P

,

(4.3)

where θ is the slope angle, FN is the normal component of gravity G(z, t ) = γ s ( z, t )Az
with γ s being the depth-averaged soil specific weight, z is the depth below the surface,
and A is the nominal area where the force is applied (i.e. the area of the slice shown in
Figure 4-3), that is the spatial resolution in our model; FP is the parallel force to the
surface due to gravity; F f , Fs and Fc are resisting forces due to soil friction, soil suction
pressure Pw ( z, t ) and cohesion due to both soil and vegetation, expressed as follows
(Rossi et al., 2013):

 F f ( z, t ) = tan ϕFN ( z, t )

Fs ( z, t ) = tan ϕPw ( z, t ) A = − tan ϕγ wψ ( z, t ) A ,
 F = cA
 c
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(4.4)

As stated earlier, ϕ is the soil internal frictional angle. Here the tan ϕ is the
friction coefficient. γ w is the specific weight of water; c is the combined measure of soil
and vegetation cohesion; and ψ ( z, t ) is the pore suction head distribution in space and
time. Instead of using an analytical approximation (e.g. Lu and Godt, 2008), the dynamic
pressure head profile is simulated by the physically-based DCHM according to the
dynamic soil moisture characteristic curve as described by the soil water retention
equation (Campbell, 1974a):

 φ 

ψ (z , t ) = ψ b 
 w( z , t ) 

1/ λ

,

(4.5)

where λ is the pore-size index and ψ b is the bubbling capillary pressure head. The
parameters λ and ψ b are assigned according to soil texture (Rawls et al., 1982). Other
relevant model parameters are discussed in Section 5.3.
At the parallel direction to the surface, the resisting forces include the friction
force, suction force and cohesion force, where the driving force is the gravitational force.
The FS is equal to one when the slope is at equilibrium. Rearranging Eq. (4) to separate
the resisting forces from the driving forces in the direction parallel to the slope, and then
dividing the two sides of the equation by the driving forces, we can obtain the final form
of the FS equation for unsaturated conditions:


V2
ψ (z , t ) +
 tan ϕγ w
2 g 
tan ϕ 
c
,
FS =
−
+
tan θ
γ s z sin θ
γ s z sin θ
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(4.6)

Typically, the shear stress induced by the water flow is neglected due to the
small equivalent kinetic energy head (V2/2g) caused by subsurface flow in each layer.
However, here it is explicitly incorporated in the Fs term in Eq. (6).
For saturated conditions, the suction force vanishes; instead a hydrostatic force

FH ( z, t ) will act on the slope, and equation (3) can be rewritten as,
FN ( z, t ) = G( z, t ) cosθ − FH ( z, t )

,
FP ( z, t ) = G( z, t ) sin θ
F ( z, t ) = F ( z, t ) + F
f
c
 P

(4.7)

where FH ( z, t ) = ρ w ghA cosθ and h is the depth of fully saturated soil at soil depth z.
Rearranging Eq. (7) yields the equation of FS for saturated conditions (note the kinetic
energy head is included in the second term):


V2
 h cos θ +
 tan ϕγ w
2 g 
tan ϕ 
c
,
FS =
−
+
tan θ [γ sat h + γ s ( z − h)] sin θ [γ sat h + γ s ( z − h) ] sin θ

(4.8)

and γ sat is the specific weight of saturated soil.
During rainfall-triggered landslide events, the soil pore water pressure on steep
slopes increases towards positive suction head, reducing the suction force and then
shear strength. Meanwhile the shear stresses increase and cohesive resistance decreases
as the soil becomes wet, causing the slopes to become unstable. When shear strength
exceeds shear stress, i.e. resisting force is larger than driving force, FS > 1 and the slope
remains stable. When FS<1, the slope fails. Equations (6) and (8) account for the essential
processes that play interactive roles in the initiation of debris flows. In this study, values
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of basic soil properties were extracted and compared against previous studies in or near
this region (Liao et al., 2011; Witt, 2005b), and are summarized in Table 4-1.
Table 4-1: Major parameters specified in LSHM for the three basins.
Parameters for DCHM
Initial Degree of Soil Saturation for event
in July, 2011
Initial Degree of Soil Saturation for event
in January, 2009
Initial Degree of Soil Saturation for event
in December, 2009
Initial Discharge in channel
Soil Geometry(m)
Ksat (m/s)
Scaling factors for Kv
Scaling factors for Kh
Porosity (m3/m3)
Field Capacity (m3/m3)
Wilting Point (m3/m3)
Channel cross-section
Channel threshold (pixels)
Parameters for Slope Stability Models
Soil Density (kg/m3)
Soil Friction Angle (degree)
Soil and Vegetation Cohesion (Pa)

4.3

Values
50%70%72%100%
50%50%55%100%
50%65%67%100%
0.5m3/s at outlet
Top layer is 0.10m,total depth of the 2nd
and 3rd layers are from 0.5m to 1.5m
varying with elevation and slope (Figure
4-6)
Spatially Varying (Figure 4-7)
None
1000-300-1-0.1
Spatially Varying (Figure 4-7)
Spatially Varying (Figure 4-7)
Spatially Varying (Figure 4-7)
Rectangular, channel width ranging from
1m to 30m
5
Values
1922 (Witt, 2005b)
26 (Witt, 2005b)
2000 (Witt, 2005b)

Case Studies
Three case-studies are conducted in this work: two cold season events, on

January 7 and December 9, 2009 in the Jonathan Creek Basin (JCB), and a warm season
event, on July 15, 2011 in the Big Creek Basin (BCB). However, neither the BCB nor the
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JCB are equipped with stream gauges. Consequently, streamflow simulations for the
same three events were also conducted for the Cataloochee Creek Basin (CCB), a USGS
(United States Geological Survey) Hydrologic Benchmark Watershed and the closest
watershed to the BCB and the JCB (Figure 4-1), for hydrological verification and to
demonstrate the robustness of the estimated rainfall fields. Verification of the location of
landslide initiation is based on the survey data provided by North Carolina Geodetic
Survey (NCGS, Dr. Richard Wooten, personal communication in 2012).

4.3.1 Study area
The Big Creek Basin (BCB), the Cataloochee Creek Basin (CCB) and the Jonathan
Creek Basin (JCB) are three headwater catchments in the Pigeon River Basin, in the
Southern Appalachians in North Carolina, USA. The Cataloochee Creek is a small
tributary to the Pigeon River and has a drainage area of 128 km2. The BCB and JCB have
drainage areas of about 95 km2 and 172 km2, respectively. The three headwater
catchments are heavily forested and are characterized by steep slopes. In recent years,
the JCB has witnessed significant Land-Use and Land-Cover (LULC) change due to
increased urbanization.
The Pigeon River Basin is underlain by crystalline-rock aquifers comprising
crystalline metamorphic and igneous rocks

covered by an extensive mantle of

unconsolidated material consisting of saprolite, colluvium, alluvium, and soil (Miller,
1999; Trapp Jr and Horn, 1997). The colluvial deposits are mainly found on the hillsides
due to rock weathering and are highly susceptible to landslides. Substantial alluvial

152

deposits appear along streams and are built over time due to sediment transport in the
streams. The dominant soil types are Edneyville-Chestnut complex soil, Plott fine sandy
loam, Wayah sandy loam, and eroded Wayah loam soil (Allison et al., 1997). The
climate for the study area is subject to moisture-rich winds from the Gulf of Mexico and
westerly mesoscale convective systems in the warm season, whereas westerly and
northwesterly flows govern most of winter weather activity. Previous research has
shown that the orographic rainfall enhancement is very strong, on the order of 60% at
ridge compared to valley locations (Prat and Barros, 2010b). The rainfall threshold for
debris flows based on the historical record is 125 mm over a 24 hour period (Witt,
2005a).

However, recent observations such as during the July event studied here

indicate that such rainfall can accumulate in periods of less than 90 minutes (Prat and
Barros 2010; Tao and Barros 2013). Existing landslide hazard risk assessments indicate
that most of the area of the Pigeon River Basin is highly unstable, especially the
headwater catchments (Witt, 2005a; Witt, 2005b).

4.3.2 Landslide events
Basic geologic and geomorphic conditions at the debris flow sites for the three
landslide events investigated here are summarized in Table 4-2.
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Table 4-2: Summary of debris flow sites characteristics. The NCDOT Materials Testing Laboratory in Asheville, North Carolina conducted
soil quality tests on the soil samples from the debris flow initiation zones. (data provide by NCGS, from Dr. Richard Wooten)
Debris flows
locations

Longitude Latitude

Triggering
Rainfall

-83.0738

35.5002

Persistent winter
storm around
Concave
5th to 8th in
January, 2009

---

---

Near Rich Cove Road,
-83.0977
in JCB

35.5288

Severe winter
storm in
December 8-9,
2009

Concave

None observed

Structures threatened 3, Road destroyed.
One lane of road taken out.

Gunter Fork, in BCB

35.6865

Planar

None observed

track distance estimated to be 500 ft.

Concave

Bedrock
seep/spring

track extends 200 ft. above and 250 ft.
below trail (estimated)

Concave

Soil-sediment
seep/spring

track length 150 ft above and 200 ft below
trail. granule conglomerate/arkosic soil

Bear Trail, in JCB
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-83.1955

Gunter Fork, in BCB

-83.1978

35.6836

Gunter Fork, in BCB

-83.1979

35.6813

Convective
summer storm
in middle of
July, 2011

Geom_Shape Ground_Water

Remarks

4.3.1.1 Warm-Season Events
In the middle of July in 2011, an extremely heavy storm event triggered debris
flows in the Big Creek Basin (Figure 4-1), which also caused flash flooding that damaged
the Cherokee fish hatchery on the evening of July 14 (Lee et al., 2011c). Observational
field data of soil and rock materials were collected by NCGS geologists at three debris
flow locations. The debris flow tracks were scoured to bare soil and, and in some
locations down to the underlying bedrock for most of their lengths. Most vegetation was
stripped or downed along the tracks, including large trees. It was determined that there
is a potential for further slope movements originating from the steep slopes in the head
scarp regions of all three debris flows.
4.3.1.2 Cold-Season Events
A debris flow in the JCB was caused by a severe winter storm on December 8-9,
2009. Although the slope failure narrowly missed some infrastructure, it destroyed a
portion of the Rich Cove Road, and one lane had to be removed. Another debris flow
near Bear Trail in JCB was triggered by a persistently heavy rainfall system during Jan.
5-8, 2009, cleared all vegetation in its path, eroded away a large tract of a local road,
destroyed a private home and caused personal injuries1. NCGS geologists visited the
initiation site several times and established that the debris flow initiated at a colluvium

1 http://www.ncdc.noaa.gov/stormevents/eventdetails.jsp?id=151707
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catchment with localized residual deposits filling in-between the colluvium and
overlying bedrock located on a north-facing steep slope (Figure 4-1), and that bedrock
controlled locally the geometry of the initiation zone, a common characteristic in the
Southern Appalachians (Sas and Eaton, 2008; Wooten et al., 2009; Wooten et al., 2008)..

4.3.3 Forcing Data and Model Parameters
One factor that limits landslide and hydrologic studies in mountainous regions,
independently of the modelling approach, is that to predict dynamically the initiation of
debris flow on an event basis, availability of good quality spatio-temporal rainfall
distributions at the resolutions required to capture the subsurface physics of soil wetting
and water flow processes is critical.

A spatially dense, high elevation rain gauge

network has been recording observations in the upper Pigeon River Basin in the Great
Smoky Mountains since 2007 to investigate the 4D distribution of precipitation in the
region (Prat and Barros, 2010b). These rain gauge observations have been used to
characterize

the

spatial-temporal

error

structure

of

radar-based

Quantitative

Precipitation Estimates (QPE) and to improve QPE for hydrological modelling with
success (Tao and Barros, 2013). The recent record of landslide activity in populated
areas indicate that debris flows are all-season events in the region, and that mesoscale
convective systems and isolated thunderstorms play an important role in concurrent
flash-flooding and debris-flows in the warm season. Therefore, assessing the quality of
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rainfall data, and bias-correction or adjustment procedures to improve the accuracy of
rainfall input to the hydrological system is necessary. This is discussed in detail in
Section 5.3.3.1. Other meteorological forcing datasets and model parameters for
analysing slope stability are discussed in Section 5.3.3.2.
4.3.3.1 Rainfall Datasets
Raingauge observations
A spatially dense, high elevation Rain Gauge Network has been recording
observations in the Pigeon River Basin to investigate the 4D distribution of precipitation
in the Great Smoky Mountains (GSMRGN) since the summer of 2007. The network
comprises 35 stations at elevations ranging from 1150 to 1920m along exposed ridges in
the Southern Appalachians (purple circles in Figure 4-1, (Prat and Barros, 2010b; Tao
and Barros, 2013)). More detailed information about the network can be found at
http://iphex.pratt.duke.edu/.
Similar to Tao and Barros (2013), GSMRGN observations are used here to assess
and improve existing radar-based Quantitative Precipitation Estimates (QPE) required
by the distributed hydrologic model, specifically the Q2 product described below. Only
raingauges along the topographic divide and within individual basins are used for
assessing and correcting Q2 over each particular basin. For example, raingauges
numbered 3## were used for the Big Creek Basin, as shown in Figure 4-1. Overall, 12
157

raingauges in total were used for CCB and for BCB during the July12-17, 2011 event, and
9 raingauges were used for JCB during January 5-10, 2009. There were 7 raingauges for
CCB during the event in Janurary of 2009 but 12 raingauges during the event in
December of 2009, because 3## raingauges were not installed until the summer in 2009.
Availability of rainfall observations are one major reason why these three most recent
events were selected for this modelling study.
QPE Adjustment
The experimental Next Generation Multi-sensor QPE was obtained from the
National Mosaic and Multi-sensor QPE (NMQ) project at the National Severe Storms
Laboratory (NSSL). The local gauge-corrected hourly radar-based QPE product
(Q2RAD_HSR_GC, Q2 in short) at high spatial resolution (0.01 degree × 0.01 degree)
(Vasiloff et al., 2007; Zhang et al., 2011), were used in this study. We first evaluate the Q2
datasets using the GSMRGN raingauge observations to characterize the spatial-temporal
error structures in Q2, and then apply bias-correction to improve the accuracy of Q2
based on the error structures identified.
Hourly Q2 accumulations were spatially interpolated using a nearest-neighbour
method to downscale rainfall fields from 1km resolution to higher resolution at 250m,
and the downscaled values were subsequently compared to raingauge observations at
the grid scale. Figure 4-4 shows that the original Q2 fields generally underestimate
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rainfall for the summer storms (Figure 4-4 a and b) and winter storms (Figure 4-4 c-f),
despite the large difference (on the order of one order of magnitude) in rainfall intensity
between the events.

The inaccuracies in Q2 are attributed mainly to radar-terrain

configuration issues (e.g. radar beam blockage or overshooting) and the radar-rainfall
retrieval algorithm (Fulton et al., 1998; Prat et al., 2009; Smith et al., 1996; Young et al.,
1999).
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Figure 4-4: Comparison of hourly precipitation rate (mm/hr) between raingauge
observations and Q2 estimations before and after adjustment during July 12 to 17,
2011 for CCB (a) and BCB (b), during January 5 to 10, 2009 for CCB (c) and JCB (d), and
during December 6 to 11, 2009 for CCB (e) and JCB (f).
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A simple bias-correction adjustment method based on linear regression
relationships between hourly raingauge observations and Q2 data was developed and
was successfully applied previously to adjust Q2 for a tropical storm (Tao and Barros,
2013). We employed the same procedure to improve the Q2 accuracy at small basin scale
in this study, taking advantage of the very high-density GSMRGN observations in the
Pigeon River Basin. The adjusted Q2 product demonstrates significant improvement
compared to the original Q2 (Figure 4-4). The RMSE (mm/hr) between observed rainfall
rate (mm/hr) and the Q2 product before and after adjustment is provided in Table 4-3.
The adjusted Q2 outperformed the original data over all the basins for the three rainfall
events with RMSEs reduced significantly, resulting in large improvement in storm
cumulative rainfall amounts (Figure 4-5). The limitation is that no raingauges are
installed in the inner basin to characterize the error structure of Q2 in the valley. This
data void may cause uncertainty in the areas at lower elevation. The downscaled and
adjusted hourly Q2 fields were interpolated to five-minute temporal resolution using the
methodology described by Tao and Barros (2013), where further discussion and a
detailed description of the Q2 spatial error structure in Q2 can also be found.
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Figure 4-5: Comparison between the accumulated Q2 rainfall before (left) and after
(right) adjustment during July 12 to 17, 2011 for CCB (a) and BCB (b), during January 5
to 10, 2009 for CCB (c) and JCB (d), and December 6 to 11, 2009 for CCB (e) and JCB (f)
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Table 4-3: Summary of the RMSE (mm/hr) computed from observed rainfall rate
(mm/hr) and Q2 product before and after adjustment, at raingauges locations
surrounding each basin
July 12 – 17, 2011
January 5 – 10, 2009
Before Adj. After Adj. Before Adj. After Adj.
BCB 1.07
0.53
CCB 1.66
0.72
0.85
0.28
JCB
0.85
0.45

December 6 – 11, 2009
Before Adj. After Adj.
0.77
0.83

0.48
0.59

4.3.3.2 Ancillary Data and Model Parameters
The soil internal friction angle and cohesion are two important parameters
required by slope stability models. Uncertainty in these parameters can induce very
large uncertainty in the resultant FS values. The present study benefited from previous
research conducted by Witt (2005b) in the same area. Witt examined the same two
parameters using SINMAP and SHALSTAB, and reported representative values. We
adopted those representative values as well as the ranges reported by this study for
slope stability analysis and sensitivity analysis (shown in Table 4-1).
The DCHM needs basin geomorphic information (such as elevation, slope and
flow direction), soil hydraulic and geotechnical parameters, landscape attributes and
atmospheric forcing datasets to perform the hydrological simulations. The Digital
Elevation Model (DEM) over the Pigeon River basin was obtained from the National
Elevation Dataset (NED) provided by the U.S. Geological Survey at 3arcsec resolution,
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and was re-projected and spatially resampled to the model grid at 250 m resolution. The
spatially varying soil depth was estimated using two alternative approaches, the Z- and
S-methods (Saulnier et al., 1997):

Z − method : h( x, y ) = hmax −

z ( x, y ) − z min
(hmax − hmin ) ,
z max − z min

(4.9)

S − method : h( x, y ) = hmax −

tan θ ( x, y ) − tan θ min
(hmax − hmin ) ,
tan θ max − tan θ min

(4.10)

where h ( x , y ) is the estimated total depth of the middle and deep soil layers at pixel

( x, y ) ; hmax and hmin are the maximum and minimum depths respectively; and z max and

zmin, θ max and θmin are the corresponding maximum and minimum elevations and slope
angles. The Z-method assumes that soil depths increase as elevation decreases. The Smethod assumes that soil depths increase as topographic slope decreases, because soil
cannot accumulated on steeper slopes due to erosion and landslides. However, the Zmethod tends to result in too thin soil depth at very high elevations, while the soil depth
in the valleys calculated by the S-method tends to be too thick (Figure 4-6) based on the
authors’ observations in the field. Consequently, the mean of the soil depth estimated
by both methods is adopted in this study. The ratio of the thickness of the second to the
third layer is 2:3, to roughly represent root density distribution.
The top soil layer in the model is fixed as 10cm all over the basin. The total depth
of the second and third layer is the mean of soil depths estimated by Z-method and S164

method, with hmax =1.5m and hmin =0.5m, θ max =40.96 degree and

θmin =0.01

degree. The

base layer is 1m deep at elevations above 1300m, and 4m deep below 1300m to represent
thicker alluvial deposits in the valleys.

Figure 4-6: The spatially varying soil depth estimated by two simple methods, and the
ultimate soil depth used in this study averaging the two estimated soil depth.
Soil hydraulic properties including saturated hydraulic conductivity, porosity,
field capacity and wilting point were extracted from the State Soil Geographic
(STATSGO) database provided by the U.S. Geological Survey (Schwarz and Alexander,
1995). Standard soil layers defined in STATSGO were selected according to soil depth
for modelling layers at each pixel first. Then, soil parameters for each model layer were
extracted from the STATSGO layers taking into consideration the depth of the soil
column for each grid element. The minimum value of vertical saturated hydraulic
conductivity from STATSGO was used as representative for each soil layer since the
minimum hydraulic conductivity controls the hydrological response. For other soil
properties, such as porosity, field capacity and wilting point, average values were used.
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It must be stressed that all soil hydraulic parameters are spatially varying across the
basin as shown in Figure 4-7, which displays large heterogeneity in 3D space. Although
there is certainly uncertainty in these soil properties, which in turn affect the calculation
of both the hydrological response and also the slope instability analysis, we did not
perform further investigation addressing these uncertainties, and assumed that the
values extracted from the STATSGO are physically based and are representative of the
actual soil properties in the region as in Tao and Barros (2013).
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Figure 4-7: The saturated hydraulic conductivity, soil porosity, field capacity, and
wilting point extracted from the State Soil Geographic (STATSGO) database for four
soil layers from the left to right, according to spatially varying soil depth.
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Space-time varying landscape attributes such as broadband albedo, broadband
emissivity, fractional vegetation coverage, and leaf area index were derived from
NASA’s

MODIS

(Moderate

Resolution

Imaging

Spectroradiometer)

products

(MCD43B1, MOD11C2, and MCD15A2 respectively). The original products were first reprojected, bi-linearly interpolated to the model grid, and then linearly interpolated into
five-minute temporal resolution. Missing data gaps are addressed using physically
meaningful constraints based on ancillary data. Lastly, quality-control adaptive
temporal filtering for the landscape attribute data were performed using TIMESAT
software to reduce the discontinuity caused by cloud contamination following the
adaptive Savitzky-Golay filtering method (Eklundha and Jönssonb, 2012).
The meteorological forcing data required by the hydrological model were
extracted from NCEP North American Regional Reanalysis (NARR) products originally
at 32-km spatial resolution and 3-hour temporal resolution (Mesinger et al., 2006),
including air temperature, air pressure, wind velocity, downward shortwave and
longwave radiation and specific humidity. The bi-linear interpolation method was
utilized to interpolate NARR fields to finer spatial resolution at 250m, and linear
interpolation was applied in time. Elevation adjustments and corrections to near-surface
variables were applied between NARR terrain and local terrain at high resolution for
each time-step based on predicted atmospheric conditions (e.g. using dynamic lapse
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rates). Special bias corrections for downward shortwave radiation were applied through
dynamical adjustment, accounting for cloudiness and topographic effects.

The

atmospheric forcing and landscape properties datasets are subsets from the highresolution datasets developed to provide the Hydrologic Modeling/Forecasting for the
Southeast US, in support of the Integrated Precipitation and Hydrology Experiment
(IPHEx, http://iphex.pratt.duke.edu/).

Other ancillary parameters were specified

according to prior studies (Campbell, 1974a; Chow, 1959; Clapp and Hornberger, 1978b;
Dickinson et al., 1993; Jackson, 1981; Price et al., 2010; 2011; Tao and Barros, 2013; Yildiz
and Barros, 2005; 2007; 2009).

4.4

Results and Discussion

4.4.1 Hydrological Verification over the Cataloochee Creek Basin
(CCB)
The DCHM was used first to simulate hydrological response to the storm events
in January of 2009, December of 2009 and July of 2011 over the Cataloochee Creek Basin
(CCB). Model simulated streamflows were compared against stream gauge observations
to evaluate the model’s hydrologic performance. Initial conditions and essential model
parameters are provided in Table 4-1. In order to allow the model state variables to
reach internal consistency, model spin-up simulations for the same duration of the
simulation were conducted before the event simulation proper. The end of the spin-up
period is the beginning of the event simulation. The basin soil moisture conditions for
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the spin-up simulations were initialized by specifying soil wetness based on seasonal
climatology modeled to be consistent with the streamflow at the beginning of the
simulation period(shown as in Table 4-1).
The comparison between the discharge observations and simulated hydrographs
over the CCB generated from the DCHM driven by Q2 rainfall datasets before and after
adjustment for the three events are presented in Figure 4-8. The original Q2 fields
significantly underestimate rainfall yielding much lower streamflow and completely
missing the storm response (Figure 4-8 a.1, b.1 and c.1). By contrast, the simulated
streamflows using the adjusted Q2 forcing show very good agreement with the
streamgauge observations with regard to the peak flow and peak time of the
hydrographs, as well as the shape of the rising limb of the hydrograph, for the summer
and the severe winter storm simulations (Figure 4-8 b.1 and c.1). For an extreme event
with high rainfall intensity such as the summer storm in July of 2011 or the severe
winter storm in December of 2009, large overland flow is produced concurrently with
the heavy rainfall as illustrated in Figure 4-8 a.2 and c.2. Nevertheless, despite the
strong and fast response of overland flow, the interflow produced by subsurface soils is
the governing contribution to the basin’s hydrological response by water volume. For a
prolonged and persistent rainfall event such as the winter storm in January in 2009,
interflow plays a governing role in the hydrological response with regard to flow rate
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and flow volume determining the peak time and overall shape of hydrograph, as
illustrated in Figure 4-8 b.2. Compared to the large interflow produced from the top soil
layer in the summer and the severe winter storm, the interflow in the second soil layer is
dominant in the prolonged winter storm event, consistent with persistent rainfall lasting
for several days. Overall, interflow dominates the flow processes and determines the
water redistribution in the basin, which is of vital importance for the initiation of
shallow landslides and debris flow mobilization.

Figure 4-8: The comparison between simulated streamflow at the outlet of the CCB,
generated from the DCHM driven by Q2 rainfall datasets before and after adjustment
for the event in July of 2011 (a), in January (b) and December (c) of 2009; the flow
components of estimated streamflow by adjusted Q2 including overland flow,
interflow and baseflow are shown in the middle row (a.2, b.2 and c.2); and the
interflow produced from three soil layers are shown in the bottom. The upper and
right axis in figures indicate basin areal averaged storm hyetograph.
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4.4.2 Landslide Event Analysis
Hydrological evaluation of simulated streamflow against observations for the
CCB indicates that the estimated rainfall forcing is robust and the specified model
parameters are representative for the region. Thus, the same parameterization and data
sets are used to implement the model for the Big Creek Basin (BCB) and the Jonathan
Creek Basin (JCB) watersheds.
4.4.2.1 Warm-Season Events - Debris Flow in Big Creek Basin (BCB)
The 14-15 July 2011 debris flows in the BCB were associated with the passage of a
nocturnal convective rainfall system, and one particular convective cell that remained
stationary for nearly two hours at the ridge above the location where the debris flows
initiated. The short-duration but severe rainstorm produced large amounts of
precipitation on the border between the BCB and CCB (as shown in Figure 4-5), with
rainfall rates as high as 60 mm/hour.
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Figure 4-9: The time series of soil moisture (top) and interflow (bottom) produced at
each soil layer at the pixel in which debris flow occured. The x-axis is zoomed into the
rainfall period to show details more clear. The dash lines indicate the time when the
magnitude of total interflow reaches its peak.
The three debris flow initiation zones mapped by the NCGS are located in three
nearby pixels in the modelling domain. The time series of volumetric soil moisture and
interflow produced at each soil layer for one of the pixels in which debris flow occurred
are shown in Figure 4-9a. Due to similarity, the plots for the other two pixels will not be
shown here. Note that the negative flow rates indicate the flow is leaving the pixel, in
other words, the combined infiltrated rainfall at the pixel and incoming flow received
from upstream locations is smaller than the outflow. As it can be seen from the figure,
the top two layers respond promptly to rainfall infiltration and produce large interflow.
The dash line indicates the time when the magnitude of total interflow reaches its peak,
which is concurrent with the time when the debris flow occurred. The spatial
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distribution of soil moisture, absolute interflow magnitude at each soil layer as well as
the total interflow are shown in Figure 4-10a. The debris flow locations marked by
circles show very large interflow compared to other locations with steeper slopes and
nearly the same rainfall where debris flows did not initiate. The histograms of soil
moisture, interflow, slope and rainfall rate for the three events are shown in Figure 4-11.
The solid red lines indicate the local conditions in the unstable grid element selected for
analysis (corresponding to the gray solid line in the upper interflow time series). The
histograms of these variables provide an alternative view of the same data that
illustrates the concurrency of slope steepness, high rainfall intensity, and large and fast
interflow response especially from the top two layers at the unstable locations. As it can
be seen from Figure 4-11a, the histograms of rainfall and total interflow show uneven
distributions, skewed to the left and with very long tails on the right. For the conditions
when and where the shallow landslide initiated the debris flow (marked by the vertical
solid lines), rainfall, total interflow and the slope as well, show intermediate high values
on the right of the distribution. Figure 4-12a highlights the relationship between
interflow and the initiation of slope failure. The temporal evolution of vertical profiles of
soil moisture, pressure head, interflow and the FS are presented in Figure 4-13a. When
soil moisture increases, the (negative) suction pressure head increases leading to a
decrease in FS as the slope becomes less stable. Note that the kinetic energy head
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included in the estimation of FS is potentially grossly underestimated here because the
relationship between particle size and pore size distributions, and the distribution of soil
pipe networks are not accounted for in determining the effective hydraulic area and
interflow pathway system. The inset shows that at around 2:30 a.m. on July 15 (UTC),
the value of FS crosses the theoretical stability to instability line (FS=1) in the base layer.
For this warm season event, the debris flow coincidently occurred at the location and
time where and when the heaviest rainfall occurred. This is different from the case in
the JCB for the cold season event presented next.
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Figure 4-10: The spatial distribution of soil moisture, interflow for each soil layer and
total interflow in the basins at the time when the debris flow occurred (indicated by
dash line in Figure 4-9) in July of 2011 (a), in January (b) and December (c) of 2009.
The debris flow locations are marked by circles. Slope and rainfall rate are also
shown for reference. Channel pixels are not shown.
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Figure 4-11: The histograms of soil moisture and interflow in each soil layer, slope,
rainfall rate and total interflow generated using data from all over the basin for the
entire simulation period, for the event in July of 2011 (a), in January (b) and December
(c) of 2009. The vertical red solid lines mark local conditions in the unstable grid
element selected for analysis (corresponding to the gray solid line in upper interflow
time series). In (b), both the red and gray dash lines indicate the condition when the
largest rainfall rate took place at the pixel but the debris flow did not occur.

Figure 4-12: Scatter plots of the factor of safety (FS) versus slope and elevation for
each grid element in the basins during the simulation for the event in July of 2011 (a),
in January (b) and December (c) of 2009. The circles are colored according to the
magnitude of outgoing interflow. The pixel of interest is highlighed by a black circle.
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Figure 4-13: Temporal evolution of the vertical profiles of soil moisture, pore pressure
head, absolute interflow values and factor of safety at one of the debris flow initiation
point in the basins in the event in July of 2011 (a), in January (b) and December (c) of
2009. Color scheme indicates time.
178

Figure 4-14: The spatial distribution of slope stability characterized by the slope
stability index (SSI, top), and the factor of satety (FS, bottom) at the time the debris
flow occurred in the basins during the event in July of 2011 (a), in January (b) and
December (c) of 2009. The debris flow locations are marked by circles. The right-hand
side panels are spatial zooms into the initiation zone.
Figure 4-14a depicts the spatial distributions of SSI and FS at the time of debris
flow initiation (dash line in Figure 4-9). The three pixels where debris flow took place are
classified as unconditionally unstable by the slope stability index mapping method,
meaning they are highly susceptible to debris flow. The slope instability simulated by FS
is also below unity at the three pixels, indicating unstable conditions toward slope
failure, consistent with NCGS field surveys. The number of total unstable pixels
identified in the basin by the SSI and the FS metrics varies with time (Figure 4-15)
mimicking closely the spatial distribution of interflow and the space-time evolution of
the storm system. Note however that the number of unstable pixels is almost one order
of magnitude larger using the SSI method, which suggests that it overestimates the
extent of unstable areas, mainly because it neglects the cohesion and suction effects in
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the soil. This is consistent with Witt (2005b), who reported that 80-90% of the region is
highly unstable and susceptible to the debris flow occurrence using a static SSI (Dietrich
et al., 1993), a clearly excessive estimate based on the historical record. Finally, debris
flow proper is not simulated in this study, and therefore the simulation is not
representative of realistic conditions after initiation. It is expected that following mass
movement, the shear stresses at locations surrounding the initiation points will decrease,
and thus there should be a strong decrease in the number of unstable pixels.

Figure 4-15: The time series of the number of the total unstable pixels indentified in
the basins using the SSI (top) and the FS (bottom) metrics. Note that in this, the debris
flow proper is not simulated, and therefore the simulation is not representative of
realistic conditions after debris flow initiation. For example, it is expected that with
mass movement, the shear stresses at locations surrounding the initiation points will
decrease, and thus there should be a strong decrease in the number of unstable pixels.
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4.4.2.2 Cold-Season Events - Debris Flow in Jonathan Creek Basin (JCB)
The first debris flow examined here for the JCB was caused by a persistent
rainfall system from January 5 to 10, 2009. This winter storm produced persistent rainfall
of moderate intensity (< 10 mm/hr) typical of stratiform orographic systems for about
two days continuously. The second debris flow was triggered by a severe winter storm
on December 8 - 9, 2009, presenting relative larger rainfall intensity but lasting for about
one day.
The time series of soil moisture and interflow for each soil layer at the pixel
where debris flow occurred are presented in Figure 4-9b and c. As the persistent rainfall
infiltrates, it is stored at first in the top two layers, which produced relatively small
interflow. When the second soil layer finally reaches saturation, interflow increases
rapidly and reaches the peak value as indicated by the dash line in the bottom panel
(Figure 4-9b.2). The same situation is found for the severe winter storm (Figure 4-9c). It
should be noted that the timing of peak interflow for the severe winter storm in
December is not concurrent with the rainfall. It occurs about two hours after the rainfall
ends, indicating that the subsurface flows redistribute water and take some time to
concentrate at this point. Note the interflow in the top layer is positive for the persistent
winter storm (Figure 4-9b.2), meaning the top layer overall is receiving more water from
incoming interflow from upslope areas and rainfall input than the interflow it releases as
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outflow at this pixel. The second soil layer has negative interflow, meaning that the net
interflow is leaving the pixel. The opposite flow directions in the soil column contribute
to a more complex shear stress profile than just the gravitational stresses. These results
reinforce the premise that interflow plays an important role in destabilizing slopes.
The spatial distributions of soil moisture and interflow at the interflow peak time
are shown in Figure 4-10b and c for the two winter storms. Note that the interflow
shown in the spatial map is the absolute magnitude, emphasizing the impact of
interflow rates on the slope stability.

Both pixels show relatively large interflow

compared to the surrounding pixels, indicating a concave area concentrating subsurface
flow. For the event in January, the basin received some rainfall at the end period of the
prolonged storm system at the interflow peak time. However, for the severe winter
storm in December, the rain ceased two hours before the interflow reached the peak as
mentioned earlier. This fact illustrates that, to deterimine the initation time for debris
flow, considering rainfall alone is not enough because the most important mechanism
controlling the process is subsurface flow, particularly the interflow.
Figure 4-11b

show the histograms of soil moisture and interflow, with the

conditions at two different times marked by the red dash and solid lines corresponding
to the vertical gray dash and solid lines shown in the interflow time series (top panel) for
the persistent winter storm in January of 2009. Both the red and gray dash lines refer to
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the condition when the largest rainfall rate took place at the pixel; both the red and gray
solid lines refer to the condition when the interflow reaches the maximum at the pixel.
This case is representative of conditions when rainfall thresholds are not necessary
condition for debris flow initiation. Rather it is the interactions among antecedent soil
moisture and interflow that differentiate this condition (red solid line, which coincided
with the debris flow initiation), from the heaviest rainfall condition (red dash line). This
is also clearly shown for the severe storm in December (Figure 4-11c). It is the nonlinear
interactions among steep slope, antecedent soil moisture conditions, and basin received
rainfall that lead to the production of large and fast interflow that destabilized the slope,
which is again consistent with the hypothesis articulated in Sect. 5.1. Figure 4-12b and c
illustrate how the geomorphology of the JCB such as the concave landform (as shown in
Table 4-2) with modest slopes at intermediate elevations favour interflow concentration
in the debris flow initiation zone similar to the findings reported by Mirus et al. (2007) .
This is in contrast with the BCB (Figure 4-12a). Nevertheless, as Figure 4-13b and c show,
even though the third and base soil layers reach saturation, the FS remains slightly
above unity (FS= 1.04 for the event in January and FS=1.10 for the event in December),
and thus the soil column would be classified as stable.

Given the uncertainty in

specifying soil properties and in capturing soil structural heterogeneity, it is important
to recognize throughout our discussion that FS estimates are also uncertain. This is
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addressed in part through the sensitivity analysis presented in the section below. Unlike
the warm-season event in which the debris flow occurred in the wetting period, the
profiles for the event in December (Figure 4-13c) demonstrate that the top layer was
already in a drying period, while the bottom layers received drained water from the
upper layer and upstream pixels, not from infiltrated rainfall. This is very important for
issuing debris flow warnings. Debris flow could still occur, especially at these concave
areas in the basin, after rainfall has stopped.
Figure 4-14b and c display the spatial distributions of SSI (top panel) and FS
(bottom panel) at the time when the debris flow initiated. The initiation location is
unambiguously identified as unstable using the SSI method, but not for the FS as
expected based on the FS profile presented in Figure 4-13b and c. Nevertheless,
immediate neighbours at higher elevation do exhibit FS values below unity, and thus
become unstable at the critical time. This begs the question of spatial uncertainty which
can be associated with the rainfall forcing, soil depth, soil hydraulic properties, root and
soil cohesion, etc. As in the summer case, the number of unstable pixels using the SSI
metric is larger by almost two to ten times than that for FS (Figure 4-15b and c). The
trends of unstable pixels identified by SSI closely follow the change in soil wetness, due
to its intrinsic dependence on instantaneous soil moisture in the basin. The FS metric
tends to be a more conservative (and realistic) approach to detect slope failure. The
184

number of unstable pixels still increased after the rainfall ceased, illustrating that
subsurface flow continued redistributing water to concave areas in the basin. Yet, there
is still a large number of unstable or nearly unstable locations at each time, which is an
indication of spatial ambiguity. On the other hand, Figure 4-13b and Figure 4-12b show
that interflow peaks locally at the time of initiation, which can be used as an additional
constraint in assessing local instability.

Overall, the results highlight the role of

interflow in slope moblization for these cold-season events.

4.4.3 Sensitivity analysis
Whereas a full-fledged uncertainty analysis including Monte-Carlo simulations
encompassing ancillary parameters and rainfall forcing such as that described by Tao
and Barros (2013) is out of the scope of this manuscript, it is important to characterize
the elasticity of FS with regard to changes in key soil properties. Here the focus is on the
physical basis of the initiation process, and thus we conduct a targeted sensitivity
analysis focusing only on two critical parameters. Specifically, motivated by the coldseason events results for the JCB and by previous work (e.g. Arnone et al. 2011, Lu and
Godt 2008 among others), the uncertainty in FS caused by the specification of the soil
internal friction angle and cohesion parameters is examined in detail. Other parameters,
such as soil properties, are not tested here. Recall that due to the lack of site specific
measurements or estimates, the soil internal friction angle and cohesion used in Section
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5.4.2 and summarized in Table 4-1 were defined based on the representative values
reported by Witt (2005b).
Physically reasonable ranges of 10o-35o for the soil internal friction angle, and
500-3000 Pa for soil and vegetation cohesion were tested; the results are shown in Figure
4-16 and Figure 4-17 respectively. The FS profiles as a function of friction angle (Figure
4-16) show that instability takes hold for friction angles below 20o and for relatively
shallow soil depths. The uncertainty in FS associated with the soil friction angle in the
top layer is relatively smaller than for bottom layers. Changes of ≤20% in friction angle
lead to similar change in FS magnitude for the 2nd to 4th soil layers. The FS is more
sensitive in the bottom soil layers as indicated by the steeper slopes in the rightmost
panels. In reality, the soil internal friction angle should vary horizontally and vertically
to capture changes in soil texture and soil structure with depth, which are not
considered explicitly in this study. In addition, soil heterogeneity, land-use and landcover (LULC) change, bioactivity, and prior landslides can play an important role in
determining effective soil internal friction angles locally.
Compared to the large uncertainty caused by changes in the soil friction angle,
the changes in cohesion have a smaller impact on the magnitude of FS (Figure 4-17) as in
previous studies using other models (e.g. Wu and Sidle, 2001).

Contrary to the

sensitivity behaviour with respect to friction angle discussed above, FS is more sensitive
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to changes in cohesion in the top layer. For instance, 50% change in cohesion causes 22%
change in the magnitude of FS for the top layer, but just about 5% to 10% change in the
bottom layers for the case in the BCB. The uncertainty caused by cohesion for the coldseason event in the JCB is much smaller (Figure 4-17b and c), within ranges of -15% to
10%. Differentiating equations (6) and (8) with respect to cohesion implies that the
changes of FS actually depend on wet soil specific weight and depth. Regarding the role
of root systems in forested catchments, note that the density decreases with depth, and
more so between the third and base layers as specified in the model.
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Figure 4-16: Sensitivity analysis of the vertical profile of FS to soil internal friction
angle, for the slope failure cases in BCB in July of 2011 (a) and JCB in January of 2009
(b) and December of 2009 (c). The dark line is the actual failure case using the
representative friction angle, 26o.
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Figure 4-17: Sensitivity analysis of the vertical profile of FS to the combined cohesion
for soil and vegetation, for the slope failure cases in BCB in July of 2011 (a) and JCB in
January of 2009 (b) and December of 2009 (c). The dark line is the actual failure case
using the representative cohesion, 2000Pa.
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4.5

Conclusion and Discussion
A fully-distributed hydrologic model coupled with slope stability models was

used to investigate the mechanisms triggering initiation of debris flow in two headwater
catchments of the Pigeon River basin in the Southern Appalachian Mountains, USA, for
both warm and cold season debris flow events. The summer event took place during the
passage of an intense (heavy rainfall intensity) nocturnal convective system. The winter
events took place during a long lasting stratiform (light to moderate rainfall intensity)
orographic storm system, and a severe short-duration winter storm. Two slope stability
models were utilized in this study derived from the infinite slope model using the limit
equilibrium method, one is the modified slope stability index (SSI) calculated from soil
wetness and slope neglecting cohesion and suction effects, the other is the factor of
safety (FS) accounting for most of the dominant factors controlling slope instability.
The SSI is based on tempo-spatial quantitative information about instability, but the
subsequent aggregation of this information into threshold-based classes, introduces
ambiguity. For instance, pixels classified as unconditional unstable are not necessary
always highly susceptible to slope failure. Sensitivity analysis of the FS estimates to soil
strength parameters at rest, specifically the soil internal friction angle and cohesion due
to soil and vegetation, was conducted. The results indicate that the FS exhibits strong
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sensitivity to friction angle, which increases with soil depth. The opposite occurs with
respect to cohesion: sensitivity is modest and is significant only in the top soil layers
reflecting the model’s implicit representation of root systems. This is an important
result, as anthropogenic activity, bioactivity, as well as prior slope movements, in
addition to heterogeneities in soil structure and composition can have a strong impact
on the effective value of soil friction angle at small scales. The SSI approach tends to
strongly overestimate the spatial distribution of slope instability due to its high
sensitivity to instantaneous soil moisture at local scales, while neglecting soil cohesion
and suction effects. Nevertheless, there is still ambiguity in the FS method in that it
yields a large number of pixels with FS ≤ 1+ε (ε is a measure of uncertainty for model
estimates). Whereas the coupled modeling framework presented here does capture the
locations of known debris flows, there is a number of locations where no debris flow
initiated and yet are nominally unstable. Clearly, not all factors determining initiation
are included here, such as previous history of landslide activity, which should impact
locally soil depth and structure. In addition, we hypothesize that there should be a scale
effect associated with the spatial resolution of the model itself, and thus there should be
practical utility in investigating the dependence of simulated soil moisture and interflow
conditions at the time of landslide initiation on model resolution. Furthermore, the
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ability to represent heterogeneity and subgrid scale variability in subsurface flow
dynamics should have a strong impact on the magnitude of interflow at small scales.
Although the debris flow initiation time with respect to the beginning of the
storm differs for warm and cold seasons and from basin to basin, interflow magnitude
controls the flow responses for all the events and is closely related to the trigger
mechanism of shallow landslide initiation followed by debris flow mobilization. We
demonstrated that for all the three case-studies the interflow reaches the peak
magnitude around the time when debris flows occurred at the initiation locations. That
is, timing of debris flow initiation is that when the interflow peaks independently of
watershed, or storm type. Thus, we propose that the spatial ambiguity in FS prognostics
can be addressed, at least in part, by monitoring the temporal evolution of interflow
virtually using a modelling system such as described here. Finally, the methodology
employed in this study fits in the same general framework for operational QFF
(Quantitative flash-Flood Forecasts) using Quantitative Precipitation Estimates (QPEs)
and Quantitative Precipitation Forecasts (QPFs) described by (Tao and Barros, 2013).
Thus, the prediction of debris flows could be made concurrently with QFF. The
prediction of debris flow is very much needed to issue timely warnings, that can prevent
or decrease loss of life and property especially downslope of debris flow initiation
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points, but also to identify locations for forensic surveys in inhabited areas, and where
observing systems are not available.
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5. Operational Hydrological Forecasting during the
IPHEx-IOP Campaign – Meet the Challenge
5.1

Introduction
Flashflood prediction presents a formidable challenge due to rapid flow

responses (≤6 hours) at small spatial scales and large uncertainties associated with all
hydrometerlogical and hydrological processes involved in the forecasting chain (Collier,
2007), including Quantitative Precipitation Estimates (QPEs) (Ciach et al., 2007; Gourley
and Vieux, 2005; Kirstetter et al., 2012; Tao and Barros, 2013; Vasiloff et al., 2007;
Zoccatelli et al., 2010), Quantitative Precipitation Forecasts (QPFs) (Amengual et al.,
2009; Cuo et al., 2011; Davolio et al., 2013; Dietrich et al., 2009; Jaun and Ahrens, 2009;
Mascaro et al., 2010; Rabuffetti et al., 2008; Rossa et al., 2011; Zappa et al., 2010), highly
non-linear model representations of hydrological process (Garambois et al., 2013;
Garcia-Pintado et al., 2009; Zappa et al., 2011), and probability-based decision rules
(Coccia and Todini, 2011; Dietrich et al., 2009; Hersbach, 2000) or threshold-based (either
for rainfall or discharge level) warning criteria (Demargne et al., 2009; Martina et al.,
2008; Norbiato et al., 2008; Rabuffetti and Barbero, 2005; Welles et al., 2007) as well. The
predictability of flashfloods is particularly difficult in ungauged/poorly gauged and
remote regions (Moore et al., 2006; Norbiato et al., 2008; Reed et al., 2007; Tao and
Barros, 2013; Versini et al., 2014), such as mountainous regions where other geo-hazards
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such as landslides and debris flows are often associated with heavy rainfall (Band et al.,
2012; Casadel et al., 2003; Liao et al., 2011; Tao and Barros, 2014a; Wooten et al., 2008).
Presently, operational hydrological forecasting and nowcasting for flashflood
warning mainly relies on three elements (Cloke and Pappenberger, 2009; Cuo et al.,
2011; Droegemeier et al., 2000; Hapuarachchi et al., 2011; Liu et al., 2012; Pagano et al.,
2014; Vrugt et al., 2006): C1) access to accurate QPFs with adequate lead times for
effective emergency response; C2) access to near real-time comprehensive observing
systems ( variety of data/observation support (i.e. the so-called data support including
ground- and satellite-based QPEs, raingauge observations, river discharge observations,
etc.); and C3) data assimilation systems (DAS) to merge and integrate available
observations (i.e. discharge, satellite-based soil moisture, etc.) into hydrologic models to
improve initial conditions for flood forecasting using physically-based distributed
hydrologic models. Here, we briefly review the each element and propose strategies to
meet the challenge of imporving the predictability of flashfloods in regions of complex
terrain in the context of the operational hydrological forecasting testbed implemented in
the Southern Appalachians for the Integrated Precipitation and Hydrology Experiment
(IPHEx) campaign (Barros et al. 2014). The use of physically-based and fully-distributed
hydrologic models for flood forecasting poses additional challenges on account of high
nonlinearity of rainfall-runoff response in space and time further compounded by
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surface-groundwater interactions (Pagano et al., 2014; Werner et al., 2009), which is are
examined here with the Duke Coupled surface-groundwater Hydrology Model (DCHM)
also.
C1) QPFs – Over recent years, ensemble prediction systems (EPS) for ensemble
streamflow prediction (ESP) have become incraesingly an essential tool in flood forecast
operations (Cloke and Pappenberger, 2009; Schaake et al., 2007b), including the EFAS
(European Flood Alert System, Europe) (Alfieri et al., 2014; Bartholmes et al., 2009;
Pappenberger

et

al.,

2015;

Thielen

et

al.,

2009),

the

operational

HEPS

(Hydrometeorological Ensemble Prediction System, Switzerland) (Addor et al., 2011),
and many others (De Jongh et al., 2012; Hsiao et al., 2013; Nester et al., 2012;
Pappenberger et al., 2015; Taramasso et al., 2005; Verbunt et al., 2007; Zappa et al., 2010).
In the United States, the NWS’s the Hydrologic Ensemble Forecast Service (HEFS), a part
of the Advanced Hydrologic Prediction Service (AHPS) (Connelly et al., 1999; Hogue et
al., 2000; McEnery et al., 2005), operationally provides ensemble flow forecasts using
ensemble mean QPFs from multiple NWP models for flood risk management and other
water-related needs (Demargne et al., 2014).

However, NWP-based QPFs have long

been found inadequate in terms of rainfall intensity and variability, and total rainfall
amounts that dominate forecast errors and uncertainty especially for small to medium
size basins and in mountainous regions (Ebert, 2001; Jasper et al., 2002; Lu et al., 2010;
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Pappenberger et al., 2005; Xuan et al., 2009), (Amengual et al., 2008; Cuo et al., 2011). In
addition, a gap exists between meteorological operational practices for QPF and
hydrological needs in terms of inconsistent spatial and temporal resolution, approaches
to bias correction and model output statistics (MOS), and very different point of views
regarding validation and uncertainty (Demeritt et al., 2013; Pappenberger et al., 2008;
Shrestha et al., 2013). One advantage of the IPHEx operational hydrological forecasting
testbed is the seamless transfer of NWP QPF to the hydrological model due to careful a
priori planning and integration of the NASA-Unified Weather Research and
Forecasting) and DCHM model requirements.
C2) Data Support - Many campaigns, projects, and community workshops have
been devoted to improving the state-of-the-science and the state-of-the-practice of flood
forecasting (Amengual et al., 2008; Benoit et al., 2003; Davolio et al., 2009; Rotach et al.,
2012; Schaake et al., 2007b; Zappa et al., 2008). Often, however, access to observing
systems and data delivery infrastructure, that is data support, is lacking or remiss in
terms of spatial and temporal sampling density and extent, data quality and latency,
which poses particular obstacles as pointed out as in Pagano et al. (2014). The IPHEx
testbed was implemented in an environment with unique data support: 1) an extended
observation period (EOP) from October 2013 through October 2014 including the
deployment of a science-grade raingauge network of 60 stations, half of which are
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equipped with multiple raingauge platforms, in addition to the fixed regional observing
system including a disdrometer network consisting of twenty separate clusters, and two
mobile profiling facilities including MRRs (Micro Rain Radar); and 2) an intensive
observation period (IOP) from May-July of 2014 (IPHEx-IOP) focusing on 4D mapping
of precipitation structure during which NASA’s NPOL S-band scanning dualpolarization radar, the dual-frequency Ka-Ku, dual polarimetric, Doppler radar (D3R),
four additional MRRs, and the NOAA X-band dual polarized (NOXP) radar were
deployed in addition to the long-term fixed instrumentation (Barros et al. 2014). Likeminded field campaigns, such as HyMeX (Hydrological cycle in the Mediterranean
Experiments)(Drobinski et al., 2014; Ducrocq et al., 2014; Ferretti et al., 2014) and
IFLOODS (Iowa Flood Studies) (Petersen and Krajewski, 2013), albeit focused on
improving QPE for flood forecasting did not include operational hydrological
forecasting. During the IPHEx IOP (Intense Observing Period) , all the data from the
deployed instruments, along with real-time discharge observations and the radar-based
QPEs products (i.e. NSSL Q3 and NCEP/EMC StageIV) as well, were assembled together
for the operational hydrological forecasting during the IOP proper and, or in the
aftermath for the synthesis and analysis for the first time.
C3) Data Assimilation – Even with a best hydrologic model and a perfect
combination of QPFs, QPEs and other data support, flood modeling and forecasting still
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suffer from inaccuracy because flood predictability depends heavily on the realistic
representation of initial hydrological conditions (Berthet et al., 2009; Li et al., 2009;
Pagano et al., 2014). Data assimilation has proven an effective technique to reduce error
and uncertainty in initial conditions (as well as accounting for model errors) for flood
forecasting (Castaings et al., 2009; Komma et al., 2008; Madsen and Skotner, 2005; Noh et
al., 2014; Randrianasolo et al., 2014; Salamon and Feyen, 2009; Schaake et al., 2007b;
Vrugt et al., 2006; Wanders et al., 2014; among others), in particular by assimilating
available discharge observations into hydrologic models (Bloschl et al., 2008; Clark et al.,
2008; Lee et al., 2011b; Li et al., 2015; Li et al., 2014; Rakovec et al., 2012; Seo et al., 2003).
However, the application of data assimilation techniques to fully-distributed hydrologic
models is still relatively rare due to high nonlinearity and the large number of
hydrological states (number of degrees of freedom) involved (Lee et al., 2011b;
McLaughlin, 2002; Xie and Zhang, 2010), and the complex implementation that requires
correctly representing tempo-spatial uncertainty in forcing, model parameters and
structures, and observations as well (Clark et al., 2008; Crow and Reichle, 2008; Crow
and Van Loon, 2006; Flores et al., 2010; Noh et al., 2014; Ryu et al., 2009). Consequently,
few studies were conducted for real-world events (many are synthetic studies), and even
fewer for flood forecasting operations (Liu et al., 2012; Rakovec et al., 2015;
Randrianasolo et al., 2014). In the post-IOP phase of IPHEx, we examined the impact of
199

coupling the DCHM with a river discharge DAS on the quality of both streamflow
hindcasts and forecasts. DAS experiments were conducted for different watersheds by
assimilating the discharge at the basin outlet using various techniques including the
EnKF (Ensemble Kalman Filter) (Evensen, 1994; Evensen, 2003), the EnKS (Ensemble
Kalman Smoother) (Evensen and van Leeuwen, 2000), and the asynchronous version of
EnKF (AEnKF) (Rakovec et al., 2015; Sakov et al., 2010).

The testbed performance

sensitivity to the DAS configuration with regard to length of time windows and
assimilation frequency was also investigated for different basins and rainfall events.
This manuscript first describes the operational hydrological forecast activities
during the IPHEx-IOP in Section 5.2, and summarizes the real-time operational results
during the campaign in Section 5.3. Analysis and synthesis post-IOP of the campaign,
including the impact of implementation of data-assimilation are presented in Section 5.4
with a focus on demonstrating the utility and value added the proposed strategies for
improving flood forecasting in regions of complex terrain.

5.2

Operational Hydrological Forecast Implementation

5.2.1 Workflow of the Daily Operational Forecast
IPHEx was a Ground Validation field campaign conducted in support of the
Global Precipitation Measurement (GPM) satellite mission (Barros et al. 2014). The main
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objective was to characterize warm season orographic precipitation regimes and the
relationship between precipitation regimes and hydrologic processes, and to investigate
operational flashflood predictability in regions of complex terrain. The study region is
centered on the Southern Appalachians and spans the Piedmont and Coastal Plain
regions of North Carolina (Figure 5-1), focusing on 12 headwater basins with drainage
size ranging from 71km2 to 520 km2 (Table 5-1).

The operational hydrological

forecasting testbed during the IPHEx-IOP was performed collaboratively by Duke
University and NASA/GSFC, issuing 24-hour forecasts starting at 12:00 UTC over 12
headwater basins in the Southern Appalachian Mountains (SAM). In practice, for each
day, latency in the operational environment was limited and the effective lead time from
weather forecast to flood forecast was 6 hours or less.
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Figure 5-1: The operational hydrological forecasts during the IPHEx-IOP were
conducted at 12 small basins that are not limited by dam operation (labeled in panel
b)), and are critical headwaeter catchments of the Pigeon River Basin (Basin 01-03), the
Upper French Broad River Basin (Basin 04-05), the Upper Broad River Basin (Basin 0607), the Upper Catawba River Basin (Basin 09-10) and the upper Yadkin River Basin
(Basin 11-12). Green dots represent USGS stream gauges. A dense observation
network including rain gauges from NASA, Duke PMM, HADS and ECONet in the
Pigeon River Basin are shown in the panel c).

202

Table 5-1: Information about the stream gauges of the 12 forecast basins.
Forecast
Basins

Site No.

1

03460000

2

03455500

3

03456500

4

03439000

5

03441000

6

02149000

7

02150495

8

02137727

9

02138500

10

02140991

11

02111000

12

02111180

Station Name
CATALOOCHEE CREEK
NEAR CATALOOCHEE, NC
WEST FORK PIGEON
RIVER ABOVE LAKE
LOGAN NR HAZELWOOD,
NC
EAST FORK PIGEON RIVER
NEAR CANTON, NC
FRENCH BROAD RIVER AT
ROSMAN, NC
DAVIDSON RIVER NEAR
BREVARD, NC
COVE CREEK NEAR LAKE
LURE, NC
SECOND BROAD RIVER NR
LOGAN, NC
CATAWBA R NR
PLEASANT GARDENS, NC
LINVILLE RIVER NEAR
NEBO, NC
JOHNS RIVER AT ARNEYS
STORE, NC
YADKIN RIVER AT
PATTERSON, NC
ELK CREEK AT ELKVILLE,
NC

Latitude

Longitude

HUC
Code

Drainage
Area(mi2)

35.667500

83.073611

6010106

49.2

35.396111

82.937500

6010106

27.6

6010106

51.5

6010105

67.9

6010105

40.4

3050105

79

3050105

86.2

3050101

126

3050101

66.7

3050101
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3040101

28.8

3040101

50.9

35.461667
35.143333
35.273056
35.423333
35.404444
35.685833
35.794722
35.833611
35.990833
36.071389
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82.869722
82.824722
82.705833
82.111667
81.872500
82.060278
-81.89
81.711944
81.558333
81.403056

Basin

Pigeon

Upper
French
Broad
Upper
Broad

Upper
Catawba

Upper
Yadkin

Figure 5-2: The workflow for producing daily forecasts/hindcasts and assessment
metrics at Duke. An example of the forecasts/hindcasts results over 5 days is shown
on the upper-right corner.
Figure 5-2 depicts the operational workflow at Duke to produce the daily
hydrological forecasts and hindcasts during the IPHEx-IOP. Specifically, 24-hr forecasts
provided by the NU-WRF model at NASA/GSFC for the current date were delivered to
Duke daily around 8AM EDT. The forecast fields were projected then into the IPHEx
common grid system (UTM17N) at 1km spatial resolution and interpolated to 5-min
time-steps, and then converted into the format required by the input interface of DCHM.
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Multiple QPEs including StageIV and Q3 for the previous day were downloaded and
processed to be fed into the DCHM to produce streamflow hindcasts and the updated
initial conditions for the daily forecast. The hindcast results were evaluated using
previous day discharge observations for the 12 forecast points downloaded daily from
the USGS website. In addition, the discharge observations at the end of the previous
day were nudged into the DCHM as the initial discharge for the current day forecast,
and the initial flow rates in channel pixels within each basin were also modified
proportionally to the ratio of estimated streamflow to the observation at basin outlet.
The forecast/hindcast operational system was implemented using MPICH2 (Message
Passing Interface), thus the operational forecasts results, including streamflow forecasts
for the current day and the streamflow hindcasts for the previous day could be
produced every day timely before 3PM EDT. Thus, even though the forecasts were
issues for 24-hour periods, the effective real-time lead time was 6 hours due to the realtime delays in the transfer of NWP forecasts and the pre-processing for the hydrological
simulations.
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5.2.2 Hydrometeorological Forcing Fields
5.2.2.1 Quantitative Precipitation Forecasts (QPFs) and other atmospheric forecasts
During the IPHEx-IOP, the NU-WRF operationally provided high-resolution 2D
forecasts of atmospheric forcing to drive the DCHM, including QPFs, air temperature at
2m, air pressure at 2m, specific humidity at 2m, and wind speed at 10m, incoming
shortwave radiation and incoming longwave radiation at surface. The NU-WRF was
implemented with 60 vertical layers and three horizontal domains at resolutions at 9km
(domain 1), 3km (domain 2), 1km (domain 3) and 30sec temporal resolution. The model
precipitation and atmospheric forcing fields were output at 1km resolution and 5min
intervals. Figure 5-3 shows the three horizontal nested grids implemented in NU-WRF
and the IPHEx domain. The NU-WRF physics configuration include the Goddard 4-ice
Microphysics scheme, the Grell-Devenyi ensemble cumulus scheme, the Goddard
Radiation schemes, the MYJ (Mellor–Yamada–Janjic) planetary boundary layer scheme,
the Noah surface scheme and the Eta surface layer scheme. The output from the GFS
(Global Forecast System) model every six hours at 0.5o resolution were used as initial
and boundary conditions. More information about the NU-WRF can be found in (Matsui
et al., 2014; Peters-Lidard et al., 2015; Shi et al., 2014; Zaitchik et al., 2013).
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Figure 5-3: The left panel shows Nu-WRF nested modeling domains during the IPHEx
campaign; the right panel shows the position of the 3rd domain (the most inner) of
NU-WRF, the IPHEx domain and the IPHEx-IOP domain (black box) using air
temperature as an example.
5.2.2.2 Quantitative Precipitation Estimates (QPEs)
During the campaign, two conventional ground-radar QPEs were used for
operational hindcast, namely StageIV and Q3 data. An experimental ground-radar based
QPE derived from the NOAA NSSL (National Severe Storms Laboratory) X-band dualPolarized Mobile Radar (NOXP), and a satellite-based QPE, i.e. the NASA Integrated
Multi-satellitE Retrievals for GPM (IMERG), were also utilized for case studies after the
IPHEx IOP. During the IOP, the operational QPEs (i.e. StageIV and Q3) for the previous
day were downloaded first, and then were (re-)projected to IPHEx consistent gridding
system (i.e. UTM17 at WGS84). Q3 then were resampled to IPHEx common grid system
at 1km by the nearest neighboring method. StageIV data were downscaled to 1km using
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a transient multi-fractal downscaling method (Nogueira and Barros, 2014). Details about
each QPE are provided below.
a) StageIV (Operational Radar-based QPE) - NCEP/EMC (Environmental
Modeling Center) StageIV 4km gridded data is a national multi-sensor hourly
precipitation analysis data with very short latency (about 1hour) (Lin and Mitchell,
2005). Note the StageIV constantly receives new analyses from local RFCs (River
Forecast Centers) and then is updated repeatedly, and the final product is only available
after 12~18 hours. Thus, by the downloading time (8AM EDT or 12 UTC), it already is
the finalized data incorporating as many precipitation analyses as possible.
b) Q3 (Operational Radar-based QPE) - The Q3/MRMS (Multi-Radar/MultiSensor) product provided by the National Mosaic and Multi-sensor QPE (NMQ) system
at the NSSL is a real-time nation-wide seamless QPE product at very high spatial (~1
km) and temporal (2 min) resolution which ingests rain gauge observations and hourly
analyses of RAP (Rapid Refresh model) on the basis of 3D volume scan data from
Weather Surveillance Radar-1988 Doppler (WSR-88D) network (Zhang et al., 2014).
During the IPHEx-IOP, the hourly radar-based product with a local gauge bias
correction was operationally used for hindcasts. The 2-min radar-alone products
without gauge correction were also obtained after the campaign and used for case
studied. The Q3 is a real-time product thus its latency is within one minute.
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c) NOXP (Experimental Radar-based QPE) - The NOXP radar was deployed in
the Pigeon River Basin (shown in Figure 5-1) during the IPHEx-IOP (Barros et al. 2014).
The radar was installed at a very high elevation (1176m) in the inner region of the basin,
and operated with scanning frequency of about 5 minutes and multiple sweeping
elevation angles (from 0.5 to 8 degree), which allows an unimpeded view for low-level
and most of the inner basin thus avoiding terrain blockage and overshooting, which are
severe problems impeding the applications of conventional weather radars especially in
topographically complex terrain. Details about the NOXP radar can be found in Palmer
et al. (2009). Hybrid gridded NOXP data was produced by choosing the cleanest/lowest
elevation angle for each azimuth. The processed NOXP data were gridded into UTM17
directly at the DCHM simulation resolution (i.e. 250m×250m) from the radar-scanning
spherical polar coordinate system. The algorithm components used in the NOXP data
processing (i.e. calibration, ground clutter removal, attenuation correction, DSD
retrieval, and QPEs, etc.) are described in (Anagnostou et al., 2013; Kalogiros et al.,
2013a; Kalogiros et al., 2013b; Kalogiros et al., 2014).
d) IMERG (Experimental Satellite-based QPE) - The IMERG Level 3 half-hour
precipitation products at 0.1o x 0.1o (Final Run) were used for the case studies in the
post-phase of the campaign. The IMERG system integrates prior multi-satellite
algorithms from TMPA (TRMM Multi-Satellite Precipitation Analysis), CMORPH-KF
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(CPC Morphing – Kalman Filter), and PERSIANN-CCS (Precipitation Estimation from
Remotely Sensed Information using Artificial Neural Networks – Cloud Classification
System) (Huffman, 2015). Specific details regarding the rainfall retrieval algorithm and
the data (post)processing is provided in the Algorithm Theoretical Basis Document of
IMERG (Huffman et al., 2014). As for StageIV, the IMERG data were also downscaled to
1km using the fractal downscaling method (Nogueira and Barros, 2014).

5.2.2.3 Soil properties and Historical hydrometeorological datasets
In

preparation

for

the

forecasting

test

bed,

a

long-term

historical

hydrometeorological datasets (atmospheric forcing and landscape attributes) necessary
to implement and operate hydrologic models in the river basins in the Southeast US
(shown in Figure 5-1) at IPHEx common resolution (hourly time-step and 1km×1km in
UTM17N at WGS84) over a 7-year period (2007-2013) were developed, and are available
on http://iphex.pratt.duke.edu. The atmospheric forcing fields were downscaled from
North American Regional Reanalysis (NARR) product with cloudiness-, elevation- and
topographic correction (Tao and Barros, 2014c). The landscape attributes were
constructed from MODIS land products by removing cloud contamination (Tao and
Barros, 2014b). Soil properties, including saturated hydraulic conductivity, porosity,
field capacity and wilting point, were extracted from the State Soil Geographic
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(STATSGO) dataset2. The historical hydrometeorological datasets in the same day-ofyear in a wet year (2009) were used throughout over the entire IPHEx-IOP period.
a) Historical Landscape Attribute Datasets
This study presents a synthetic work to produce quality-controlled and gap-free
landscape attributes datasets including leaf area index (LAI), fractional vegetation
coverage (FVC), surface broadband emissivity and broadband albedo for hydrologic
modeling at high spatio-temporal resolution (1km×1km, hourly) over the southeast US
from

2007

to

2013,

utilizing

the

MODIS

(Moderate

Resolution

Imaging

Spectroradiometer) land products. Specifically, quality control and temporal filtering
were performed to adjust the standard MODIS vegetation products by reducing cloud
and fog contamination. Broadband emissivity was calculated from MODIS spectral
emissivities, while broadband albedo was constructed from MODIS BRDF parameters.
Four water-year continuous hydrologic simulations systematically evaluate the impacts
of uncertainty and errors associated with the standard MODIS land products and
landcover-dependent radiative properties (albedo and emissivity) on water and energy
fluxes estimations using a fully-distributed hydrologic model. The simulations with the
adjusted vegetation characteristics (LAI and FVC) result in better streamflow
estimations especially for large flow events due to better water partitioning at canopy.

2

http://iphex.pratt.duke.edu/DataCenter/Time-invariantDatasets/SoilParameters
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The most significant improvement is found in a basin at valley where low-level cloud
and fog is persistent thus the adjustment is prominent. The constructed hourly albedo
clearly shows large diurnal and seasonal variability which significantly influences the
simulation of net total radiation and then the estimations of top soil temperature and
surface fluxes. The results also show that using land-cover dependent albedo and
emissivity lead to large fluxes differences (up to 50W/m2) compared to the simulation
with temporally and spatially varying albedo and emissivity. This work not only
demonstrate the impacts of quality landscape attributes data on hydrologic fidelity of
water and energy flux simulations without calibration, but also provide a unified endto-end methodology for producing gap-free and continuous quality landscape attributes
datasets from remote sensing products for hydrological, atmospheric and climatologic
modeling activities at high spatio-temporal resolution, instead of using landcoverdependent or climatological-based data. A technical report described this project in
detail in Tao and Barros (2014b).
The simulations with the DCHM demonstrate that quality vegetation attributes
(LAI and FVC) result in better streamflow simulations with NSE scores for a one-month
simulation period (Sep. 2009) improving from 0.21 to 0.48 for a basin in the inner
mountain region (i.e. CCB), and from 0.64 to 0.71 for a basin in mid to high elevation
with a wide valley (i.e. EFPRB), or equivalent simulations with very small NSE
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difference (0.02) for a basin nestled between two ridge lines (i.e. WFPRB). The skill
scores calculated at hourly step are also improved for the full water-year simulating
period for CCB and EFPRB, but remain equivalent for WFPRB. But the simulated
streamflow universally show improved performance for large flow events for all the
three basins. In addition, the water budget analysis indicates that ET increases and
streamflow decreases using the adjusted vegetation properties. Although the absolute
decrease in the magnitude of runoff (about 139mm per unit area) at the outlet is small
considering the large drainage area of 1,778 km2 for the PRB, the results imply a large
change in the total water budget by about 247,142 m3 in four water years, which is a
large volume of freshwater for water resources management purposes. Surface radiative
properties (i.e. albedo and emissivity) also have strong impacts on the energy flux
simulations. The simulated net shortwave radiation using landcover dependent albedo
is smaller (up to ~50W/m2) than using the constructed spatio-temporally varying albedo
from MODIS BRDF parameters, results in large differences in net total radiation and
then the solutions of top soil temperature and surface energy fluxes. Although the
absolute effects on total radiation caused by using of land-cover dependent or standard
emissivity calculated from MODIS products without any adjustment are smaller
compared to albedo, the persistent differences presenting in adjusted emissivity and
land-cover emissivity cause a baseline differences in net longwave radiation and then
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affect net total radiation as well. The results also demonstrate that using the timevarying standard MODIS emissivity is superior to that using fixed land-cover based
emissivity.
In conclusion, regionally corrected spatio-temporally varying vegetation and
radiative properties are essential for hydrological applications and should be routinely
incorporated in modeling and forecast activities. Even in the highly idealistic scenario of
perfect Quantitative Precipitation Estimates (QPEs) and Quantitative Precipitation
Forecasts (QPFs), the hydrological model cannot solve the water and energy flux
estimations correctly if these landscape attributes are biased or are not representative of
the real conditions of the land surface due to spurious calibration, which is particularly
handicapping for long-term hydro-climatic assessments. Developing and providing the
best possible hydrometeorological forcing and parameters is the prerequisite toward
narrowing uncertainty and improving the representation of physical processes in
hydrologic studies.
b) Atmospheric Forcing Datasets
Downscaling Numerical Weather Prediction (NWP) reanalysis products to
generate physically consistent atmospheric forcing fields (pressure, winds, cloud cover,
radiation fluxes, precipitation, relative humidity, air temperature, etc.) for highresolution hydrologic modeling is especially challenging in regions of complex terrain.
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Here, the methodology to derive a high-resolution (1×1 km2, hourly) atmospheric forcing
data set from 3-hourly NARR (North American Regional Reanalysis) products originally
at 32×32km2 resolution for a seven-year period (2007-2013) over the IPHEx2014
(Integrated Precipitation and Hydrology Experiment) domain in the SE US is presented.
Evaluation of the downscaled products against observations at flux towers shows that
the corrections applied to coarse resolution NARR fields including radiation fluxes and
wind fields lead to improved accuracy, in particular in the Southern Appalachian
Mountains where the RMSE of atmospheric pressure is reduced from 44.71 hPa to 2.78
hPa.

The value and utility of the downscaled products for hydrologic offline

simulations are demonstrated through comparative analysis of the sensitivity of water
and energy budgets in mountain watersheds for four-year long simulations (2007/102011/09) including a severe drought and several flood events using the Duke Coupled
surface-groundwater Hydrology Model (DCHM). Improvements in shortwave radiation
and near-surface wind speeds have the highest impact on evapotranspiration and soil
surface temperature. Cloudiness and topographic corrections applied to incoming solar
radiation lead to large net radiation differences ranging from 200 to 500 Wm-2 for clearsky and cloudy conditions, respectively. Wind speeds differences between 2-10 m/s
translate into differences in surface heat fluxes up to 300 Wm-2 and 50 Wm-2 in the inner
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Southern Appalachian Mountains, respectively for latent and sensible heat. A technical
report described this project in detail in Tao and Barros (2014c).

5.2.3 Duke Coupled surface-groundwater Hydrology Model (DCHM)
and implementation
The DCHM is a physically-based and fully-distributed hydrologic model solving
water and energy balance equations with coupled surface-subsurface interactions.
Earlier studies using evolving versions of the DCHM (formerly referred to as LSEBM,
1D-LSHM, and 3D-LSHM) were described in various publications (Barros, 1995;
Devonec and Barros, 2002; Garcia-Quijano and Barros, 2005; Gebremichael and Barros,
2006; Kang et al., 2013; 2012a; 2012b; Tao and Barros, 2014a; 2013; Yildiz and Barros,
2005; 2007; 2009) with demonstrated successes in headwater catchments in Southern
Appalachians (Tao and Barros, 2014a; Tao and Barros, 2013). The DCHM, implemented
at 250m×250m spatial and 5min temporal resolution, was the hydrology model selected
as the prediction core for the operational hydrologic forecasting testbed. Before the
IPHEx-IOP, the DCHM was reinitialized and spun up for five weeks (April 1-May 5,
2014) driven by the ensemble of fractally downscaled QPEs generated from the Stage IV
product and historical hydrometeorological datasets in the same month of a wet year
(2009). Spin-up was conducted repeatedly until the flow difference between the last and
the current iteration is very small, i.e. the hydrologic system reaches equilibrium,
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resulting in small unchanged streamflow residuals (as shown in Figure 5-4). The final
hydrologic states at the end of the spin-up were used as the initial conditions for the
operational forecasts starting from May 5. Note there is no tuning of initial conditions
and the model is uncalibrated.
The spatial and temporal resolutions of standard IPHEx products including NUWRF forecasts are respectively 1km and hourly. Thus, all the forcing data were spatially
interpolated to 250m using the nearest neighbor method, and landscape attributes data
were linearly temporally interpolated to 5min resolution. Operational hourly QPEs (i.e.
StageIV and Q3) and 30min satellite-based QPE data (i.e. IMERG) were uniformly
distributed to 5min assuming constant rainfall intensity, generally underestimating
heavy rainfall intensities and overestimate light rainfall (Nogueira and Barros, 2015) at
times. NOXP QPEs (rainfall rate) at radar scanning temporal resolution were averaged
to 5min. Temporal interpolation of atmospheric forcing fields including QPFs provided
by NU-WRF is unnecessary since all the fields were available at 5min resolution.
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Figure 5-4: Before the IPHEx-IOP, the DCHM was spun up for one month duration
(April1-May 1, 2014) repeatedly for multiple times.

5.3

Operational Results during the IPHEx-IOP

5.3.1 Hydrological forecast/hindcast overview
The overall forecast/hindcast results for all 12 headwater basins during the
IPHEx IOP period (May 1 – June 15, 2014) are summarized in Figure 5-5. The QPFs
provided by NU-WRF overall overestimate rainfall for all the basins over the entire
campaign period, consequently overestimating streamflow but capturing well peak
times for all basins. There were no missed events, though several false alarms resulted
from incorrect placement of rainfall .The overestimation of forecast is particularly large
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for the major event on May 15 in all basins and the secondary event on June 12/13 in the
headwater catchments of the Upper Catawba and Upper Yadkin (i.e. Basins 8-12, shown
in Figure 5-1). Some extraordinary flow forecasts are shown occasionally for May 30 in
Basin 1, and on June 1 in Basins 4-5 which should be contributed to the incorrect
locations of rain cells predicted in NU-WRF.
The hindcast results (here only results using Q3/MRMS are shown due to
similarity with using StageIV) show however much better performance compared to
forecasts universally for most of the basins except Basin 10 and two small headwater
basin of Upper Yadkin (i.e. Basin11-12) for the May 15 event. The good performance of
forecast for May 15 in Basin10 demonstrates that given good QPFs, the hydrologic
forecast using the uncalibrated DCHM are very good. For contrast, note the false alarm
on June 13 in the same basin given overestimated QPFs compared with observations on
June 12.
It should be stressed that the initial streamflow in each basin for each day’s
forecasting was simply based on the discharge observation at basin outlet at the
forecasting time, i.e. discharge observation was nudged into the DCHM estimation at
each basin outlet with a proportionally estimated flow pattern in basin channels by the
ratio of streamflow estimation to the observation at basin outlet (as described in daily
workflow). However, nudging discharge observation at basin outlet directly into the
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model could only affect the distributed system for a certain (short) period. After that
period, antecedent soil moisture and flow states in the channel system still take control,
as indicated by the individual discontinued streamflow curve at the beginning of each
day in Figure 5-5. Such problem can be alleviated by assimilating discharge observations
into the DCHM and systematically update/improve soil moistures within the basin,
which is discussed in section 5.4.3.
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Figure 5-5: IPHEx-IOP Forecast/Hindcast overview (May to June 15, 2014) for Basin 01
to 06. Dark blue represents QPE/QPF; black lines represent discharge observations;
green lines are streamflow hindcast with Q3 as rainfall input and other atmospheric
forcing data from Nu-WRF; red lines are streamflow forecast with all the atmospheric
forcing fields from Nu-WRF.
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5.3.2 Case study with multiple QPEs
Two events during the IPHEx-IOP are examined closely, here focusing on the
largest region-wide rainfall event on May 15 with large streamflow response in all 12
basins, and a small rainfall event on June 12 which caused streamflow response in Basin
2 next day (June 13). Figure 5-6 shows daily rainfall accumulations on May 15 from
multiple QPEs (including StageIV, Q3 and also IMERG) and QPFs from NU-WRF. It can
be seen from the figure that StageIV and Q3 show very similar storm patterns although
Q3 has sharper spatial variability due to higher resolution. The IMERG data exhibit
spatial variability consistent with StageIV and Q3 at coarse resolution (~10km) but much
heavier rainfall, characteristics that are preserved by the downscaled product. However,
the spatial patterns of NU-WRF QPF do not agree with any of the QPE products, and it
also shows much larger accumulations compared to StageIV and Q3 thus causing
significant overestimation in the streamflow forecast as pointed out earlier. This is
illustrated in Figure 5-7 which exclusively shows daily simulation results only on May
15, including hindcasts driven by both StageIV and Q3, as well as the forecasts
initialized using the two hindcasts. Figure 5-7 shows that the hindcast results using
StageIV are larger than those using Q3 except for Basins 03 and 05, where both products
are similar (Figure 5-6). The initial conditions for the forecasts or the final states between
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the two hindcasts for the previous day do not have much difference, consequently
causing very similar performance in the two forecasts except for Basin01. The similarity
is caused by a dry period about two weeks with little rainfall before this event as
indicated in Figure 5-5, i.e. prior to the event, soil moisture states were controlled by
evapotranspiration and thus antecedent conditions were not affected by StageIV or Q3.
The exception in Basin01 is caused by discrepancy of rainfall on May 13 between
StageIV and Q3 (not shown here) which leads to large initial conditions differences for
the event forecast on May 15.
Figure 5-8 shows the rainfall accumulation on May 15 from NOXP with two
elevation angles at 1.8 and 2.4 degree, and the hybrid data incorporating the
cleanest/lowest elevation angles. The problem of ground-based radar scan in the
mountainous region is clearly shown in the figure, including overshooting, blockage and
ground clutter, even though the NOXP was installed at very high elevation (as shown in
Figure 5-1). Figure 5-9 provides the hindcast results in the Pigeon River Basin on May 15
and June 13 using the NOXP data, as well as the NU-WRF QPF and other ground radarbased QPEs including StageIV and Q3, and satellite-based IMERG data. Both IMERG
and NU-WRF overestimate the rainfall on May 15, thus leading to larger streamflow
response. Simulations forced by NOXP QPEs largely underestimate streamflow for all
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the three small basins in the Pigeon, which is attributed to the severe precipitation
underestimation caused by the mountain blockage.
A posteriori analysis of the hydrologic forecasts and hindcasts indicates that
“true” rainfall is not known.

However, with multiple QPEs and QPFs in hand, a

distribution of streamflow simulations can be assembled the spread of which explicitly
represents the propagation of rainfall uncertainty to the hydrologic forecast, or in other
words the model hydrology sensitivity to rainfall uncertainty which is essential for
quantifying the probability of flood occurrence. A significant effort was devoted explore
alternative strategies to improve the flood forecasts and hindcasts in the post-IOP phase
of IPHEx including through improved accuracy of QPFs and QPEs, and by assimilating
discharge at the forecast points. This is discussed in detail next.
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Figure 5-6: Daily rainfall accumulation on May 15, 2014 from ground radar-based
QPEs (StageIV and Q3), satellite QPE (IMERG), QPFs from Nu-WRF operationally
used in the IPHEx-IOP, and the QPFs from Nu-WRF with assimilation of
conventional ground-based observations (DA CNT) and satellite-based data (DA
SAT), i.e. GPM GMI and SSMIS precipitation-affected radiance.
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Figure 5-7: IPHEx-IOP Forecast/Hindcast results for the largest event over the IPHEx
(May 15, 2014) for all the basins. Dark blue represents QPE (StageIV and Q3) or QPF
(Nu-WRF forecast); black lines represent discharge observations; blue and green lines
are streamflow hindcasts with rainfall input from Q3 (MW) and StageIV (SW),
respectively; red and pink lines are streamflow forecast with all the atmospheric
forcing fields from Nu-WRF initialized using hindcast results from MW and SW,
respectively.
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Figure 5-8: Daily rainfall accumulation on May 15, 2014 from the NOAA X-band dual
polarized (NOXP) radar deployed in the Pigeon River Basin. The hybrid data was
produced by choosing the cleanest/lowest elevation angle for each azimuth from
multiple elevation angles (from 0.5 to 8 degrees). Two other gridded NOXP data with
elevation angles at 1.8 degree and 2.4 degree were also used in this study.
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Figure 5-9: Forecast/hindcast results on May 15 (upper) and June 12/13 (bottom), 2014
using multiple QPEs (Q3, StageIV, NOXP data at 1.8 degree and 2.4 degree elevation
angles and the hybrid data, and IMERG) and QPF from Nu-WRF in headwater
catchments in the Pigeon River Basin (Basin 01 – 03, from left to right).

5.4

Improving Results – Meet the challenge

5.4.1 Improving forecasts by enhancing QPFs (C1)
The NU-WRF ensemble data assimilation system is developed with a focus on
assimilating satellite precipitation-affected radiance into NU-WRF. The system uses an
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all-sky radiative transfer algorithm to connect the observed microwave radiance with
the forecast model state. The analysis control variables are wind, temperature, surface
pressure, water vapor and five hydrometeors including frozen and liquid phases, and an
ensemble of NU-WRF model forecasts are used to calculate state-dependent background
error covariance(Zhang et al., 2013; Zupanski et al., 2011).

The GPM (Global

Precipitation Measurement satellite mission, Matsui et al., 2013) core observatory
launched in February 2014 has an orbit extended to higher latitudes (65°) to provide
broader spatial coverage. The microwave imager on board GPM (GMI, Global
Microwave Imager) has thirteen microwave channels ranging in frequency from 10 GHz
to 183 GHz. There were two overpasses of the GPM core observatory during the May 15
event, providing passive microwave observations of the storm precipitation process
from space. To take advantage of these two overpasses, a data assimilation experiment
was conducted to assimilate GPM data into NU-WRF, specifically GPM core and
constellation cross-calibrated level-1C data from GMI and SSMIS (Special Sensor
Microwave Imager/Sounder), aiming at improving the NU-WRF storm QPF.
The experiment consists of 32 ensemble forecasts and the assimilation cycling is
initiated by GFS (Global Forecast System, http://www.emc.ncep.noaa.gov) global
analysis at 15UTC May 14, 2014. The assimilation time window is 3 hours. Observations
that are available in each assimilation time window pass a quality control procedure and
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a subset of the data are used in the analysis. Two runs were carried out for the cycling
period from 15UTC May 14 to 0UTC May 16, 2014. The first run assimilates conventional
data from the NCEP (National Center for Environmental Prediction) data stream
including wind, temperature and moisture (denoted as DA-CNT). The second run
assimilates GMI and SSMIS precipitation-affected microwave radiances at frequencies
89, 166 and 183+/-7 GHz (denoted as DA-SAT). The analysis is solved in the outer
domain at 9km resolution. Furthermore the analysis results are dynamically downscaled
to 1km resolution via model simulations in the inner domain. Because of prohibitive
high computational expense of using large high-resolution domains in ensemble data
assimilation cycling, the areal extent of the (Matsui et al., 2013)model domain
configuration in these runs is about half of the size of the NU-WRF operational forecast
run depicted in Figure 2, and with 31 vertical levels instead of 61 to strike a balance
between desirable domain size and vertical resolution and computational costs. The
Goddard 3ICE microphysics scheme is applied in model state propagation and in
precipitation-affected radiance simulation.
The daily accumulations of QPFs from the two assimilation experiments on May
15, 2014 are displayed in Figure 5-6. Comparing to Q3 data and the operational forecast
(C1), the storm front traveled rapidly eastward in the control run DA-CNT, resulting in
a significant displacement of the spatial QPF pattern. The assimilation run DA-SAT
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shows improved spatial rainfall pattern and position relative to the control, but fails to
correct the storm cumulative precipitation. The heaviest rain cell is much more close to
the location as shown in Q3, with though with slightly deviated position, i.e. the Q3
displays the heaviest rainfall over the southeast ridge lines of the Upper French Broad
River basin, while the heaviest rain cell in the NU-WRF QPF with DA-SAT is on the
west ridge lines reaching into the Pigeon River Basin. The flood forecasting results using
the two QPFs are provided in Figure 5-10. Comparing to the streamflow observations
and operational forecast-driven results, the QPFs from DA-SAT lead to excessively high
streamflow response in the three small headwater catchments of the Pigeon River
(Basins 1, 2 and 3), while the QPFs from DA-CNT generate much lower streamflow
response at the two basins on the eastern slopes of the Appalachians (Basins 2 and 3). In
the inner mountain region, in Basin 1, where orographic enhancement of precipitation
takes place at the ridge-valley scale, the QPFs are both too high thus leading to excessive
streamflow. These results show that even though there is significant very clear
improvement of the NU-WRF storm forecast with the assimilation of satellite data that
corrects the storm path and the overall spatial pattern of precipitation as shown by the
difference between the accumulated QPFs of DA-CNT and DA-SAT, this improvement
takes place at the mesoscale, but it’s not sufficient to improve the QPF at the headwater
catchment scale via dynamical downscaling.
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This calls for investigating further

refinements in the dynamical downscaling design such as NU-WRF model configuration
and spin-up, and error characterization (e.g. bias) in the radiance assimilation scheme. In
this case the streamflow observations provided valuable verification for satellite data
assimilation in hydrological applications, which can serve as a reference point to
improve the bias correction in assimilation algorithms and ensemble forecasts. Finally,
because the DA of microwave radiances introduced such a dramatic correction on the
position and pattern of the storm, there is also an opportunity to investigate statistical
downscaling approaches (e.g. Nogueira and Barros, 2014) to leverage the mesoscale
improvements to the QPF by improving the representation of moist processes at the
cloud-resolving scale that is critical to resolve the individual storm cells that determine
streamflow (and flash-flood) response in mountainous regions.

Figure 5-10: Forecast results on May 15, 2014 using the improved NU-WRF QPFs by
assimilating conventional ground-based observations (DA CNT), and assimilating
satellite-based data (DA SAT) (GPM GMI and SSMIS precipitation-affected radiance)
also for the three headwater catchments in the Pigeon River Basin (Basin 01 – 03, from
left to right).
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5.4.2 Improving hindcasts by enhancing QPEs (C2)
Previous work has demonstrated success using raingauge observations to
characterize errors and uncertainties in QPEs, and to adjust to improve the accuracy of
QPEs leading to significant improvements in streamflow simulations (Tao and Barros,
2014a; Tao and Barros, 2013). The same approach was followed to improve the Q3 data.
Specifically, the Q3 data were first compared against rainfall observations from the
dense raingauge network comprising NASA dual-platform gauges, Duke PMM gauges,
HADS and ECONet gauges as shown in Figure 5-1c, and then was adjusted by the
regression linear relationship between the Q3 and gauge observations every 5-min
interval. Figure 5-11 shows the comparison between the rainfall observation and the Q3
data, as well as the adjusted Q3 data (noted as Q3+) by three adjusting methods, namely
Q3+_All based on the linear regression model derived using all the raingauge
observations, Q3+_H/L separating adjustments for high elevation from low elevation as
described in Tao and Barros (2013), and Q3+_CdfThr separating heavy rainfall domain
from non-heavy rainfall domain using a threshold at 0.9 CDF (cumulative distribution
function) derived from raingauge observations (Lin et al., 2015). As it can be seen from
the figure, the accuracy of Q3+ is improved with reduced RMSE compared to the
original Q3 data with relative larger storm rainfall accumulations although differences
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among the three gauge-corrected Q3+ data sets are small. The adjustments also add
value-added information on spatial variability as illustrated by the contrasts between the
cumulative rainfall patterns from the original Q3 and the Q3+ data on May 15 (Fig. 12).
The Basin 2 streamflow hindcasts using Q3+ are higher in

better aggrement with

observations, but streamflow is overestimated in Basin 1 and Basin 3 (EFPRB) as shown
in Figure 5-13. This highlights the difficulty in capturing small-scale precipitation
variability using empirical raingauge correction methods. The number and distribution
of gauges is limited in Basin 3 due to the fact that it was not possible to obtain permits
since most of the contributing area is protected by law. The number of raingauges at
mid and low elevations in Basin 1 is limited reflecting lack of understanding of the
dominant role of low level orographic rainfall enhancement processes such as seederfeeder interactions (Wilson and Barros, 2014; Wilson and Barros, 2015) in the design of
the raingauge network at the time when it was deployed (Prat and Barros, 2010a).
Consequently, the complexity of orographic modulation of precipitation processes in the
SAM is not fully captured at the ridge-valley scale.
One of the merits of the simple linear regression adjustment is that the
uncertainty associated with Q3 data can be explicitely represented for each pixel at each
time step assuming that the uncertainty is normally distributed with the mean as the
‘optimum’ Q3+ data and standard deviation for a selected confidence interval (CI) of the
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derived regression model hence providing an unambiguous straightforward framework
to specify temporal and spatial error structures in rainfall. The grey lines in Figure 5-13
depict the streamflow hindcast spread for 50 rainfall replicates drawn from the normal
distribution within 70%CI and 95%CI based on the derived regression models for
Q3+_All as an example. Note that, even though the QPF from NU-WRF substantially
overestimates rainfall, the estimated streamflow is still within the 95%CI envelope, but
outside or at the edge of the 70%CI envelope, except for the flow peaks. This implies that
all the uncertainty and errors associated with (not only in) rainfall forcing, but also in
initial conditions and model structure and model parameters interact nonlinearly and
are propagated and integrated over time leading to large bias in simulation results. To
counteract the compounded effect of error propagataion and model memory on
uncertainty build-up, physically-based the merging of discharge observations and
model forecasts is explored next using data-assimilation techniques.

235

Figure 5-11: Scattering comparison of the original Q3 and the adjusted Q3 data
(including Q3+_All, Q3+_H/L, and Q3+_CdfThr) with observations from four
raingauge networks consisting of Duke PMM gauges, NASA dual-platform, HADS
and ECONet.
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Figure 5-12: Daily rainfall accumulation on May 15, 2014 from the original Q3 and the
adjusted Q3 data (including Q3+_All, Q3+_H/L, and Q3+_CdfThr). Note the
adjustment to Q3 data only performed in the Pigeon River Basin taking advantage of
the high dense rain gauge networks.
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Figure 5-13: Forecast/hindcast results on May 15, 2014 using the original Q3 and the
adjusted Q3 data (Q3+_*) in headwater catchments in the Pigeon River Basin (Basin 01
– 03, from left to right). The grey lines are simulation members using 50 rainfall
replicates drawn from normal distributions within 70% and 95% confidence interval
(CI) of the regression model, explicitly representing the uncertainty associated with
Q3+_All.
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5.4.3 Improving forecast/hindcast by assimilating discharge
observations (C3)
To investigate the value of data assimilation (DA) in aiding operational flood
forecasts, tdischarge observations at the basin outlet are assimilated into the DCHM to
systemically reduce uncertainty and errors in estimated soil moisture within the basin
and thus produce better initial conditions for streamflow forecasting generally, and
flood forecasting in particular. Three data-assimilation systems (DAS, see Chapter 2 for
detailed mathematical formulation), specifically Ensemble Kalman Filter (EnKF), fixedlag Ensemble Kalman Smoother (EnKS), and Asynchronous Ensemble Kalman Filter
(AEnKF) are tested here. Two models are considered in data assimilation, including a
state equation or forward model which relates hydrologic states with hydrological
processes and propagates states in time (i.e. the DCHM), and a measurement model that
relates observations as they become available to the model states that will be updated.
Note that the measurement model in this case is not necessary as the discharge
observations and the model simulated streamflow have the same physical meaning [i.e.
equation (2.40) of Chapter 2]. In this study, the state vector consists of control variables
include soil moisture from top three soil layers (top, middle and deep layer) at all the
pixels within the basin and the outflow rate at the basin outlet, i.e. the streamflow
estimation. Further, the DAS are implemented in different configurations with regard to
assimilation frequency (AF: 15, 30 and 60 minutes) and time window (TW: 1, 2, and 3
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hours), as summarized in Table 5-2, to evaluate a broad range of potential operational
data-assimilation architectures. In EnKF and EnKS DAS, only the current discharge
observations are assimilated, while in AEnKF all the available discharge observations
within a TW are assimilated.
When assimilating discharge into a distributed hydrologic model that simulates
the space-time evolution of rainfall-runoff response processes during the event, there is
a time-lag between the basin internal states (i.e. soil moisture) and the discharge at the
basin outlet reflecting the trajectory and travel time to move a control volume of runoff
(surface or subsurface) from any generic location within the basin to the outlet. The
EnKF assimilates the current observation to correct/update the current hydrological
states, thus it does not account for the response delay at the outlet. The AEnKF is
equivalent as a 4D-Var method that does not need a tangent linear or adjoint model
(Sakov et al., 2010), and it outperforms EnKF precisely by accounting for discrepancies
among simulated states and observations also at times different from the assimilation
time within the specified TW. The EnKS uses the current observations to correct the
antecedent states in the past, which is propagating information back in time and space.
Both the EnKS and AEnKF have proven success in improving streamflow simulations by
addressing the time-lag in rainfall-runoff response at the outlet (Li et al., 2015; Li et al.,
2013; Li et al., 2014; Rakovec et al., 2015; Sakov et al., 2010).
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Table 5-2: Data assimilation schemes tested and the associated implementation
parameters, i.e. assimilation frequency (AF) and time window (TW). The NSE of the
produced hindcast simulation is shown for each basin. The best NSE and the used
DA scheme for each basin is highlighted.

DA
Scheme

Assimilation Assimilation
Name
Time
Frequency
Window
(AF)

B01
EnKF_AF15min
B02
B03
B01
EnKF_AF30min
B02
B03
B01
EnKF_AF60min
B02
B03
B01
AEnKF_AF15min_TW1hr
B02
B03
B01
AEnKF_AF30min_TW1hr
B02
B03
B01
AEnKF_AF60min_TW1hr
B02
B03
B01
AEnKF_AF15min_TW2hr B02
B03
B01
AEnKF_AF30min_TW2hr
B02
B03
B01
AEnKF_AF60min_TW2hr
B02
B03
B01
AEnKF_AF15min_TW3hr
B02
B03
B01
AEnKF_AF30min_TW3hr
B02

15min

EnKF

30min

1hour

15min

1hr

30min

1hour

15min

AEnKF
2hr

NSE

30min

1hour

15min

3hr
30min
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0.76
0.45
0.47
0.69
0.45
0.41
0.61
0.34
0.19
0.71
0.06
0.93
0.58
0.33
0.97
0.55
0.38
0.88
0.79
0.37
0.99
0.72
0.52
0.94
0.79
0.39
0.76
0.68
0.36
0.98
0.87
0.29

1hr

EnKS

2hr

3hr

1hour

AEnKF_AF60min_TW3hr

15min

EnKS_AF15min_TW1hr

30min

EnKS_AF30min_TW1hr

1hour

EnKS_AF60min_TW1hr

15min

EnKS_AF15min_TW2hr

30min

EnKS_AF30min_TW2hr

1hour

EnKS_AF60min_TW2hr

15min

EnKS_AF15min_TW3hr

30min

EnKS_AF30min_TW3hr

1hour

EnKS_AF60min_TW3hr

B03 0.87
B01 0.57
B02 0.10
B03 0.82
B01 0.89
B02 0.71
B03 0.83
B01 0.76
B02 0.17
B03 0.88
B01 0.66
B02 -0.01
B03 0.43
B01 0.98
B02 0.67
B03 0.85
B01 0.83
B02 0.57
B03 0.78
B01 0.76
B02 0.49
B03 0.61
B01 0.91
B02 0.61
B03 0.77
B01 0.85
B02 0.43
B03 0.79
B01 0.81
B02 0.15
B03 0.52

In data assimilation, two models are considered, namely a state equation or
forward model which relates hydrologic states with hydrological processes and
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propagates states in time (i.e. the DCHM), and a measurement model that relates
hydrologic states with observations as they become available. In this study, the state
vector consisting of control variables include soil moisture from top three soil layers
(top, middle and deep layer) at all the pixels within the basin, and the outflow rate at the
basin outlet, i.e. the streamflow estimation. Note in EnKF and EnKS, only the current
discharge observations are assimilated, while in AEnKF all the available discharge
observations within a TW are assimilated.
Table 5-3: Perturbation methods and parameters applied in this study.

Fields
NU-WRF QPFs
SW Radiation

Perturbing
Approach

Distribution
Log-Normal,
LogN(m,s)
Log-Normal,
LogN(m,s)

Multiplicative
Multiplicative

Other
atmospheric
forcing
(LW Rad., air
temp., etc.)

Normal,
N(m,s)

Additive

Soil Moisture

Normal,
N(m,s)

Additive

Saturated
Hydraulic
conductivity

Normal,
N(m,s)

Additive

Power n
Discharge
observation

Normal,
N(m,s)
Normal,
N(m,s)

Additive
Additive
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Parameters
m=0
s=0.5
m=0
s=0.1
m=0 for all
fields.
LW: s=15
Temp: s=5
Press: s=25
SepcHumi:
s=0.8×10-3
Wind: s=3
m=0
s=0.05× itop
m=0
s=10-6

m=0
s=1.5
m=0
s=0.1×Qobs

Stochastic perturbations were applied to atmospheric forcing fields provided by
NU-WRF, soil parameters and discharge observations in order to account for associated
uncertainties in model inputs and possible measurement errors. Soil moisture estimates
were also perturbed to account for potential errors in the model. Table 5-3 summarizes
the methods and parameters applied for each perturbation. QPFs were perturbed by
multiplying a realization drawn from a log-normal distribution. Log-normally
distributed multiplicative perturbations were also applied to incoming shortwave
radiation, while normally distributed additive perturbations were applied for other
atmospheric forcing fields including incoming longwave radiation, air temperature, air
pressure, specific humidity and wind speed. Soil parameters used for calculated the
Ù Û

unsaturated hydraulic conductivity (Ø Ù = Ø Ú = ? )(Campbell, 1974a), including the
∅

saturated hydraulic conductivity Ø Ú and the power n=3+2/λ in which λ is the pore-size

index, were perturbed using the normally distributed additive method also. The
perturbation to soil parameters is constant in time, i.e. only perturbing once before the
simulations. Spatial soil moisture perturbations were generated by adding normally
distributed noise with zero mean and a standard deviation as 5% of top soil moisture at
each time step (i.e. 5min). At each location, the spatial soil moisture perturbations were
transferred to the top, middle and deep soil layers using relative weights 4:2:1 in an
attempt to capture the differences in layer depth and soil hydraulic properties. For the
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discharge observations, the normally distributed additive perturbation was used with a
time-varying standard deviation that is a function of discharge itself, assuming that the
uncertainty in discharge is much larger at high river-stage levels than at low stage levels
(Clark et al., 2008; Sorooshian and Dracup, 1980). Landscape properties such as landcover, emissivity, albedo, etc were not perturbed. Finally, hindcasts were simulated
using the Q3+_All gauge-corrected QPE product with uncertainty identified within 95%
CI of the adjusting linear regression model as described in Section 5.4.2.

The workflow of discharge assimilation is mapped in Figure 2-6. The latency of
discharge observations is 30min~1hour, while the total number of discharge
observations assimilated into the DCHM depends on the assimilation frequency and
time window (for EnKS and AEnKF) (Table 5-2). Given the uncertainty described above,
a number of replicates of the state vector are propagated in time by the DCHM. At data
assimilation time, the true state vector conditioned on observations can be obtained by
updating each replicate (background estimate) using a Kalman Gain (KG) matrix
Å

=

ÒÓ

Ó

+

Ñ

•-

where

and estimated measurements,

ÒÓ
Ó

is the error cross covariance between state vector

and

Ñ

is the error covariance matrix associated with

the predicted measurements (i.e. streamflow estimates) and the observations,
respectively. The calculation of KG is different for each tested DA scheme given
different state vectors and measurement models, i.e. AEnKF augments the state vector
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with past streamflow estimates, while the soil moisture in the EnKS state vector is at a
past time determined by the TW and AF. EnKS is able to update all the states within a
TW, but here only the first states within the TW (i.e. at − •) are updated; next, the

DCHM propagates the past states from all ensemble members at ( − • + 1) to the

current time ( ) again, and iteratively repeats the process at next assimilation time (as
shown in the Figure 2-6).
The assimilation experiments were only conducted in the three basins in the
Pigeon River Basin (Basins 1, 2 and 3) for the largest event during the IPHEx-IOP (May
15) due to the availability of Q3+_All. Hindcast results are shown in Figure 5-14,
organized in four panels to illustrate hindcast results for the various DAS
implementations: a) using the EnKF with different AF, b) using AEnKF with different
AF and TW, c) using EnKS also with different AF and TW, and d) the three best DAS
identified according to the NSE (Nash-Sutcliffe Efficiency) metric as summarized in
Table 5-2. Overall it can be seen from Figure 5-14 that EnKF is not capable of correctly
capturing the nonlinear dynamics in the hydrological system during rainfall, because
updating soil moisture storage at the DA time solely conditioned on the current
discharge does not account for the delay required to transfer the joint effects of spatial
variability of antecedent soil moisture and rainfall on runoff generation to the basin
outlet. By contrast, with the same idea of updating current states but also assimilating
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past discharge observations, the AEnKF produces much better simulations especially in
Basin 1 and Basin 3 compared to EnKF. The simulations with AEnKF are particularly
improved for Basin03, with an NSE of 0.99 when using AEnKF with AF = 15min and TW
= 2hrs.

The EnKS DAS also show better performance than EnKF due to explicitly

accounting for the time-lag between basin interior states and outlet response, attaining
an NSE of 0.98 for Basin 1 (AF = 15 min; TW = 2 hrs). Note that, as pointed out by Tao
and Barros (2013), both Basin 1 and Basin 3 have deep alluvial valleys which naturally
slow down and smooth rainfall-runoff response, and thus the hydrological processes are
amenable to time integration. The nearly perfect skill achieved for AEnKF and EnKS is
attributed to the AF, i.e. the best performance is achieved by assimilating as many
discharge observations as possible, and thus the optimal AF is equal to the discharge
observation frequency (every 15min) consistent with Wanders et al. (2014). Nevertheless,
a note of caution is warranted as Kalman-based DAS implementations require that
observation errors be serially independent, an assumption that may be compromised.
Given the large background uncertainty as shown in the Figure 5-14d) and the small
uncertainty associated with observations (std. as 10% of the observations), this is
ignored here.

Finally, AEnKF displays relatively less uncertainty (shown by the

ensemble spread for Basin 3 in Figure 5-14d) than EnKS (shown by the ensemble spread
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for Basins 1 and 2 in Figure 5-14d) by assimilating many discharge observations not just
a single one.
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Figure 5-14: Hindcast results assimilating discharge observations using three DA scheme, namely (a) EnKF, (b) AEnKF and (c)
EnKS, with assimilation frequency (AF) from 15min, 30min to 60min, and assimilating time window (TW) from 1hr, 2hr to 3hr.
Panel (d) summarizes the three schemes producing the best results indicating by NSE in Table 5-2. Only the ensemble members
(50) of the best schemes are shown for each basin, i.e. EnKS_TW15min_TW2hr for Basin01, EnKS_TW15min_TW1hr for Basin02,
and AEnKF_TW15min_TW2hr for Basin03.

However, none of the DA schemes shows a good simulation for Basin 2, the
smallest basin with drainage area about 71km2 with steep slopes and shallow soils. The
best simulation for Basin 2 is produced by EnKS with 15min AF and 1hr TW achieving
and NSE of 0.71, although it underestimates the major peak of the hydrograph. The
simulations with longer TW, i.e. EnKS_AF15min_TW2hr and EnKS_AF15min_TW3hr,
show slightly worse NSE (0.67 and 0.61, respectively as shown in Table 5-2) but have
significant better peak values although with larger errors in time-to-peak (about 1.5 hr).
That is, the EnKS updating of antecedent soil moisture 2hr or 3hr before the assimilation
time has a strong impact on the streamflow at the basin outlet 0.5-1.5 hr later, thus a
shorter time-lag than the TW (2hr or 3hr). This behavior implies that the weights used to
transfer soil moisture perturbations in the different soil layers are important to
determine the simulated hydrograph ensemble spread when computational resources
are limited, and thus the number of ensemble replicates is small. For example, surface
runoff and shallow interflow dominate the rising limb of the hydrograph in Basin 2
(Barros and Tao, 2013), and therefore the amplitude of soil moisture perturbations in the
two top soil layers will determine the spread of the simulated discharge. Therefore,
understanding of rainfall-runoff processes in the context of basin-specific topography
and geomorphology can provide valuable insight in the practical implementation of
ensemble-based DAS.
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Previous studies suggest that the time of concentration is a good estimate of the
TW for DA (Li et al., 2013; Rakovec et al., 2015). However, the experiments conducted in
the context of this work suggest that quality DAS is associated with TWs significantly
shorter than the time concentration (e.g. about 5hr for the smallest Basin02, and much
larger for Basins 1 and 3).

The best performance is attained when the latency of the

observations is assumed to be nearly instantaneous (AF=temporal resolution of the
observations), which is possible for these hindcast simulations but it is realistic in an
operational environment. Nonetheless, it should be emphasized that for distributed
hydrologic models the DAS performance for a particular basin depends not only on
basin geomorphologic features (i.e. topography, elevation, size, etc.) but also on
temporal and spatial rainfall characteristics (i.e. rain cell’s location is close to the basin
outlet or not), initial soil moisture conditions, and their uncertainty. Although there is
no universal DAS configuration that will outperform all others at all times, studies to
explore the sensitivity of DAS to the TW/AF ratio that is ultimately controlled by the
temporal resolution of the observations and their latency should prove helpful in
practice. Here, we use the ‘best’ DAS from the flood hindcast simulations for each basin
(i.e. EnKS_AF15min_TW2hr for Basin 1, EnKS_AF15min_TW1hr for Basin 2 and
AEnKF_AF15min_TW2hr for Basin 3) to conduct the flood forecast in an operational
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mode, i.e. assimilating available discharge observations only before the forecasting time
(illustrated by Figure 2-6).
The flood forecasting results assimilating discharge observations are presented in
Figure 5-15, and the corresponding NSEs are provided in Table 5-4. The purpose of
asynchronous and smoother implementations of the Kalman Filter is to introduce
memory in the data assimilation and thus capture nonlinear interactions that are
essential to improve initial conditions for future forecasts.

This is apparent from

inspecting the EnKS results: the soil moisture storage at t-TW is improved by
assimilating observations at t, and the updated states at t-TW were propagated again to t
by the DCHM. For the point of view of capturing the highly-nonlinear rainfall-runoff
processes, the states propagated to t after correction by the EnKS at t-TW, should still be
better than the original states at t, or the updated states at t by EnKF, i.e. they provide
improved initial conditions.

In the context of operational forecasts, the maximum

forecast lead time is the time difference between the last step of the forecasting
simulation (00UTC) and the forecasting time as indicated by the dots on the time-axis in
Figure 5-15. For Basins 2 and 3, the forecasting results with shorter lead times are better
than with longer lead times as expected (NSEs are summarized in Table 5-4).
Interestingly, for Basin 1, forecast skill is best for the 12hr-lead time.

This behavior is

explained by the temporal variability of rainfall: the predicted storm (QPF) occurred
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around 03UTC for all the three basins, and it lasted until 11UTC in Basin 2 and Basin 3
but sharply stopped before 09UTC in Basin 1 (giving the largest maximum lead time as
15hr).

Assimilating discharge after the storm stops does not work because the

uncertainty in rainfall is specified as a fraction of the QPF, and the corrections applied to
the model state vector are too small despite large streamflow innovations. While for
Basin02 and Basin03, although the major storm activity stopped around 07UTC, it was
followed by secondary and third small events that are essential to widen the ensemble
spread of the estimates and thus to enable discharge assimilation to add information (i.e.
observation is within the estimation space). Exploring strategies to represent uncertainty
in the timing of rainfall onset and termination, conditional on local hydrology and storm
characteristics should help improve DAS performance, especially in small basins and for
short heavy precipitation events which are critical for flash-flood forecasting. Alas, note
very large NSEs as 0.87, 0.78, 0.72 and 0.51 for flood forecasting in Basin 3 with
respectively 6hr, 9hr, 12hr and 15hr leading time, which is a remarkable success in
operational flood forecasting using physically-based hydrologic models (e.g. Kim and
Barros, 2001 for results using data driven models).
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Figure 5-15: Forecast results with the best DA scheme identified for each basin (i.e.
EnKS_AF15min_TW2hr for Basin01, EnKS_AF15min_TW1hr for Basin02, and
AEnKF_AF15min_TW2hr for Basin03) with short to longer lead times (6hr to 15hr).
The forecasting time is marked at the time-axis by the dot with the same color as the
forecast result.
Table 5-4: NSEs of forecast results with 6 hour to 15 hour maximum leading time
using the identified best DA scheme for each basin.

Basins

Max. Forecasting
lead time
6hr

9hr

12hr

15hr

Forecast No DA

.28

.53

.75

.43

-11.26

.43

.25

0.19

0.10

-0.04

.87

.78

.72

.51

-13.81

Basin01
(Best DA: EnKS_AF15min_TW2hr)

Basin02
(Best DA: EnKS_AF15min_TW1hr)

Basin03
(Best DA: AEnKF_AF15min_TW2hr)

254

5.5

Discussion
During the IPHEx-IOP, daily flood hindcasts and forecasts were conducted in a

completely operational environment without tuning initial conditions or calibrating
models for twelve headwater catchments in the Southern Appalachians. In the post-IOP
phase of the campaign, various strategies were implemented in order to investigate
alternative pathways to improve flood forecasting skill including: improvement of NWP
QPFs, improvement of QPEs with an eye on improving initial conditions for hydrologic
modeling, and improvement of QFFs through data assimilation of discharge
observations. The latter proved to be the most promising approach attaining superior
(an unprecedented) skill for long lead-times in headwater basins.

The study also

illustrated the sensitivity of DAS to basin characteristics and also the temporal and
spatial structure of rainfall.
Future operational testbeds could benefit from multi-model QPFs and multimodel QFFs (i.e. using multiple hydrological models to produce a multi-model
streamflow ensemble), implementation of operational forecasting with longer lead times
on the basis of local time (instead of UTC time), near-real time ingestion of ground- and
satellite-based QPEs, and assimilating of not only discharge observations, but also
satellite-based and or ground-based soil moisture observations to improve modeling
results, and consequently better initial conditions for hydrological forecasts. The latter
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can provide valuable constraints to address the question of uncertainty in the choice of
the assimilation time window as the antecedent space-time variability of rainfall can be
characterized by the soil moisture products, i.e. estimating a suitable time window
based on temporal-spatial soil moisture information for each assimilation time. Specific
opportunities for improving a number of issues are worthwhile further investigation:
1) The discharge assimilation show significant improvements for flood
forecasting in IPHEx-IOP. This should be more magnificent for continuous storms, i.e.
correcting soil moisture and thus providing better initial conditions for forecasting in
next storms. The data assimilation schemes tested here need more exploring for such a
condition in the operational mode. But since only one large event occurred during the
IPHEx-IOP, constructing an environment with multiple continuous storms from
historical records for further conducting the data assimilation experiments is worth
investigation.
2) Even though a unique combination of high-quality QPE products was
obtained for the campaign, none of these are perfect, i.e. raingauge data only represent
point-scale observations, ground-based radar observations severely suffer from terrainrelated problems especially in mountainous region, and satellite-based observations are
limited by the retrieving algorithm and also have very coarse resolution. Discharge data
assimilation for correcting rainfall and model states has been attempted before (Crow et
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al., 2011; Harader et al., 2012) with success though not using a fully-distributed model
and in mountainous terrain.

In addition, by both assimilating discharge observations

and also ingesting satellite-based soil moisture products it is possible to better constrain
the correction especially in the top soil layer. The corrected rainfall then can be
assimilated back to the weather forecast model to retrospectively improve weather
forecasts and hindcasts in coupled models (e.g. NU-WRF).
3) Previous studies demonstrate that landslides (e.g. debris flow) occurrences are
linked to flood events in mountainous terrain. The operational flood forecast can be
extended to include landslide initiation forecasts following Tao and Barros (2014a).
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6. Dynamic Wetland Hydrology Monitoring Using
Remote Sensing Observations and the DCHM
6.1

Introduction and Motivation
Africa has experienced rapid population growth since the 1950s (Cohen, 2003),

and this growth is still continuing. Africa’s population density is expected to rise from
27 to 66 persons per km2 between 2000 and 2050 (Carter and Parker, 2009).

This

dramatic growth of population has substantially accelerated water demand among
nations, especially in Southern Africa where freshwater is extremely valuable and
vulnerable (Carter and Parker, 2009; UNFPA, 2008; Vorosmarty et al., 2005). In the
Zambezi river basin in particular, managing the long-term sustainability of water
resources poses the quintessential transboundary challenge due to the conflicting needs
of the various nations in the basin (Taylor et al., 2009). Nevertheless, due to limited
research activity and scarce observations, quantitative estimates of regional freshwater
availability and vulnerability are lacking. In this section, we aim to begin address this
problem through a comprehensive quantitative analysis of the water budget for the
headwaters of one the most critical basins in southern Africa, the Upper Zambezi River
Basin (UZRB).
The Zambezi River, the fourth-largest river in Africa, cuts across the
subcontinent from the Angolan Highlands to discharge in the Indian Ocean. The UZRB,
separated from the lower part by the Victoria Falls, provides essential freshwater
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resources to land-locked arid and semi-arid regions in between (Figure 6-1c), and is the
major recharge area to the Northern Kalahari Aquifer (NKA).
The NKA system, the second largest aquifer basin in Southern Africa (Figure
6-1), is the most reliable source of freshwater resources especially during drought
periods. The NKA is located between the water rich Congo Intracratonic Basin to the
north and the deep Southeast Kalahari Aquifer system to the south. Indeed, most of the
headwaters of major rivers in Southern Africa including the Okavango and the Zambezi
Rivers are located on the Angola High Plateau (AHP) (Figure 6-1a), which functions as a
recharge area to the underling aquifer system. The AHP is dominated by woodland
savanna, grasslands/savanna and tropical montane forests, and functions as a complex
transitional ecosystem between the Congo tropical rainforest and the Kalahari Desert.
Overlying the NKA, the predominant soil orders are gleysoils, histosols and fluvisols in
the east and southeast sectors of the AHP, whereas arenosols dominate to the west
(hhtp://www.fao.org). Relatively shallow active soil columns (~3m) on the AHP are
underlain by clay subsoils or indurated laterite, leading to seasonal waterlogging
especially along drainage lines that favors the establishment of wetlands.
The UZRB accommodates a large diversity of ecosystems ranging from forest in
the northern mountains to savanna and grassland in the south in accordance with the
latitudinal transition from humid to semi-arid and arid regional climate and the altitude259

latitude rainfall patterns governed by the migration of the Intertropical Convergence
Zone (ITCZ) and the Congo Air Boundary (CAB) (shown in Figure 6-2). The annual
rainfall increases with altitude and latitude in this region ranging from around 200 mm
in an extremely dry year at the southern border with Botswana up to 1,400-1,600 mm per
year at the northern part, e.g. in the AHP and the Moxico Province in Angola (up-right
corner of the UZRB)(Figure 6-3).
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Figure 6-1: a) Angola High Plateau (AHP) plays an important role in partitioning
water resources from precipitation among key major basins in the Southern Africa,
and is a critical recharge area for the Northern Kalahari Aquifer (NKA) system. b)
shows the large major aquifer systems in Africa. The NKA is between the rich Congo
Intracratonic Basin and the deep Southeast Kalahari Aquifer system. c) illustrates the
location of the Upper Zambezi River Basin (UZRB) while displaying the major river
basins in Southern Africa. d) shows the digital elevation model(DEM) of the UZRB,
also displaying the river systems of the area. The letter markers identify GRDC
stream gauges selected for further analysis: A-1591002, B-1591001 and C-1291100.
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Figure 6-2: a) is adopted from Schefuss et al.(2011), showing the atmospheric
circulation during austral summer (DJF) over southern Africa with approximate
position of the ITCZ and the Congo Air Boundary (CAB). b) shows ten years (20032012) of basin-averaged seasonal precipitation mean (upper panel) and standard
deviation generated from TRMM 3B42(V7) 3hourly data in southern Africa.

Figure 6-3: Annual Rainfall accumulation from 2003 to 2012, generated from TRMM
3B42 (V7) 3-hourly product.
The dominant ecosystems in the UZRB exhibit spatial heterogeneity that is
consistent with the spatial rainfall gradients. The MODIS yearly landcover products
from 2003 to 2012 over the UZRB region show intra-annual dynamic changes that track
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the intra-annual variability in rainfall, especially in the Barotse Floodplain (shown in
Figure 1-6 in Chapter 1). The wetlands develop preferentially in low-lying convergence
zones at the foothills of the AHP in the northwest and the Moxico mountains in the
northeast where dynamical interactions among hydrological and ecological processes,
including surface-groundwater interactions, are most vigorous. As it can be seen from
Figure 1-6, the wetlands appear in the floodplain in 2003 and 2004 due to relatively large
rainfall in the northeast mountains, but they essentially disappear in 2005 (also
corresponding to the spatial rainfall amount the basin received as shown in Figure 6-3).
They recover after 2005 and during a series of wet years gradually expand through 2012,
at which point they occupy vast areas over the floodplain.
Wetlands in the mid and lower Zambezi play a critical role in regulating and
modulating regional hydrology by retaining flood water, recharging aquifers,
accommodating an ecosystem with diversity, etc. Existing wetland inventories show
that wetlands cover a large area of the Zambezi River Basin (Bwangoy et al., 2010;
Wright and Gallant, 2007), providing an essential water resource to human activities.
However, in the case of the UZRB, wetlands are ephemeral expanding in the rainy
season and receding in the dry season, and thus spatially and temporally monitoring the
hydrological dynamics of wetlands is essential.
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Numerous studies have been conducted for monitoring the spatial and temporal
variation of wetlands using remote sensing observations from active microwave sensors
(e.g. radar/InSAR) (Gondwe et al., 2010; Lang and Kasischke, 2008; Lee et al., 2011a;
Marechal et al., 2011; Milzow et al., 2011; O'Grady et al., 2014; Papa et al., 2006b; Sass
and Creed, 2008) and passive microwave sensors (e.g. AMSR-E)(Landmann et al., 2012;
Schroeder et al., 2010). Optical reflectance-based indices such as NDWI (Normalized
Difference Water Index) (Campos et al., 2012; Jain et al., 2005; Wu and Liu, 2014) and the
Tasseled Cap (TC) wetness/brightness (Jain et al., 2005; Ordoyne and Friedl, 2008; Weiss
and Crabtree, 2011; Zhang et al., 2002) calculated using data from optical instruments
(e.g. MODIS, Landsat, SPOT, etc.), or indices based on remotely sensed surface
temperature difference between day and night
……

…… (given

large contrast in maximum

between water and land) (Leblanc et al., 2011; Ordoyne and Friedl, 2008) have

been used alone or in combination with microwave (active or passive) remote sensing
observations to monitor wetland dynamics (Papa et al., 2006a; Prigent et al., 2007; Toyra
et al., 2002; Ward et al., 2014). The literature is however inconclusive with regard to the
performance of these various approaches to detect and monitor wetlands. For example,
Jain et al. (2005) concluded that the NWDI-based approach showed the best results,
while Ordoyne and Friedl (2008) reported that the TC wetness index worked best for
monitoring wetlands and that the NDWI failed to capture important seasonal variations.
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These disagreements reflect the fact that different metrics are better equipped to capture
different features of the landscape, and therefore different methods should be tested and
screened before being applied in order to select the most appropriate for a specific
region. In this study, we test several MODIS reflectance-based indicating indices on the
basis of logistic regression models specifically derived for the UZRB to monitor spacetime changes in wetland areal extent.
Wetland hydrology proper, e.g. the “sponge”-like behavior that is storing water
during the wet season and providing recharge to the underlying aquifer and releasing it
during the dry season and providing preferential loci for aquifer seepage, cannot be
appropriately captured merely by tracking wetland extension, and its physics should be
explicitly incorporated into hydrologic models. Combining remote sensing techniques
and hydrologic modeling to investigate the hydrological functions of wetlands has
proven useful especially for data-scarce regions such as southern Africa (Leauthaud et
al., 2013; Zacharias et al., 2004). Nevertheless, most of the hydrologic models applied
previously are bulk water balance models typically calibrated at the regional scale
(Hughes et al., 2014; Leauthaud et al., 2013), and thus are not be able to describe the
hydrological processes (e.g. surface-groundwater interactions) at the floodplain scale
which is necessary to capture wetland dynamics. In this study, a parsimonious physical
parameterization of wetland hydrology including flow resistance by vegetation, storage
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and retention of flood waters, active interactions with the underlying aquifer, and
evapotranspiration, was coupled into a fully-distributed and physically-based
hydrologic model (DCHM) to explicitly represent the complex fluvial system.
Subsequently, the DCHM was used to simulate wetland hydrological dynamics in the
UZRB at a decadal scale (2002-2012) using the time-varying wetland map derived from
MODIS data to delineate the region where the parameterization was applied at each
model time step. The simulated regional terrestrial water storage anomaly (TWSA) was
then compared with the NASA’s GRACE (Gravity Recovery and Climate Experiment)
TWSA product to evaluate the model’s ability to capture trends in the water storage at
regional scale since other observations such as river discharge are lacking.

6.2

Methodology and Data description

6.2.1 Wetland monitoring by remote sensing observations
6.2.1.1 Indicating Index
The MODIS Aqua and Terra combined Nadir BRDF-Adjusted Reflectance
(NBAR) product corrected for sun and view angle effects (MCD43B4, 1 km resolution,
every 8 days with 16 days of acquisition) were used to calculate several indicating
indices, taking advantage of the higher temporal resolution and the moderate spatial
resolution of MODIS data. Four indices based on MODIS NBAR were used for detecting
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the evolution of wetland extent. The first index is the MODIS NBAR in near-infrared
band (NBAR_NIR), which is able to highlight the difference between water and land
pixels due to the absorption of liquid water in near-infrared band, i.e. water pixels show
smaller reflectance in near-infrared than land pixels. Note that suspended sediments and
submerged vegetation reduce the water-land contrast and thus the sensitivity of the
NBAR index. The second index is the Normalized Difference Water Index (NDWI)
which is calculated as (NIR − MIR)/(NIR + MIR) (Gao, 1996), where NIR is the spectral
reflectance at near-infrared (around 0.86mm, MODIS Band2) and MIR represents the
reflectance at mid-infrared or shortwave-infrared (around 1.24mm, MODIS Band5).
Comparing to the absorption in near-infrared, water absorbs even much larger energy in
the mid-infrared range, thus NIR > MIR for reflectance. Accordingly, water or wet pixels
always show large positive NDWI (since NIR – MIR > 0), while dry land/vegetation
pixels have much smaller (usually negative) NDWI. The third and fourth indices are the
Tasseled Cap wetness index and the brightness index, which are two orthogonal axes
transformed (rotated) from remote sensing spectral reflectance to represent various
vegetation phenology stages (Crist and Cicone, 1984; Kauth and Thomas, 1976). The
transformed spectral-reflectance data in the brightness, greenness and wetness
coordinate system construct a structure similar as a Tasseled Cap (TC), visually
displaying information about vegetation. The transformation coefficients for MODIS
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data derived in the study of Lobser and Cohen (2007) will be used in this study. Finally,
topographic characteristics including curvature and slope are also strong indicators of
wetlands: wetlands form in relatively flat (small slope) and concave/converging
(negative curvature) areas, and curvature and slope should be two good factors for
constraining wetlands.

6.2.1.2 Logistic Regression Model for mapping probability of wetland
Logistic regression is a very powerful method when dealing with binary
outcomes in statistics and machine learning (Hilbe, 2011), and has been used for
hydrological studies in recent years (Ordoyne and Friedl, 2008; Ozdemir, 2011).

The

logistic regression model describes how the predictor variable(s) is (are) related to the
binary dependent variables (Bernoulli response, i.e. flooding vs. non-flooding) as
follows:
P X
Log Þ Q
Y = ω + ω- x- + ⋯ + ωŸ xŸ = ωÁ X
1−P X

Þ½s ãä å
ãä å

where P X = -•Þ½s

(6.1)

, such that P X is large than zero and less than one, describing

the probability of the flooding (likelihood of wetland) given the predictor variables X.

The regression coefficients ω explain the contribution of each predictor variable to the

outcome probability in a nonlinear manner. The transformation of the probability in
equation (6.1) turns the nonlinear problem into a generalized linear model with binomial
268

distribution and logit link-function. The logit transformation removes the ceiling and
floor restrictions of probability, mapping its range from (0, 1) to (-∞, +∞) in accordance
with the linear function of predictor variables. By fitting the stochastic model, this
approach can explicitly calculate the probability of event success (wetland in our case)
providing valuable uncertainty information, which is of vital importance in this poorly
gauged region.
Training data for the logistic regression model were collected from a stationary
land-cover map generated on the basis of three MODIS yearly land-cover product
(500m, MCD12Q1 V51) from 2010 to 2012 which are three hydrologic wet years as
shown in Figure 1-6 (see large wetland areas in the floodplains and along river
networks). The MODIS 500m land-cover data were mosaicked and projected to
UTM34N first, and then resampled to 5km over the UZRB area using the majority
method. The stationary land-cover map was generated by screening out the pixels with
different land-cover types over the three year wet period and was used to determine the
fixed Bernoulli response values (i.e. wetland pixel = 1, other pixels = 0). The data are
summarized in Table 6-1, including 820 wetland pixels spatially distributed over the
UZRB (roughly 50% of all pixels). The predictor variables were collected from the cloudfree MODIS NBAR data during rainy seasons (Feb.-Apr.) at selected locations. Based on
the training data (values of predictor variables and the corresponding Bernoulli
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response values), we performed logistic regression, and derived several stochastic
regression models (summarized in Table 6-2) to generate independent probability map
of wetlands every 8 days. Here, all the indices as stated in section 2.1.1 were used as
predictor variables.
Table 6-1: Collected training pixels (820 in total) in each landcover type.

Landcover Name
Water
Evergreen Needleleaf Forest
Evergreen Broadleaf Forest
Deciduous Needleleaf Forest
Deciduous Broadleaf Forest
Mixed Forests
Closed Shrubland
Open Shrublands
Woody Savannas
Savannas
Grasslands
Permanent wetlands
Croplands
Urban and Built-up
Cropland/natural vegetation
mosaic
Snow and Ice
Barren or Sparsely Vegetated

Number of Pixels Number of
MODIS
in the Stationary Selected Pixels#
Code (IGBP)
Map+
0
1
0
1
0
0
2
91
90
3
0
0
4
0
0
5
1
0
6
0
0
7
0
0
8
9136
110
9
8960
110
10
741
100
11
410
410*
12
1
0
13
0
0
14
2
0
15
16

0
0

0
0

+Only pixels within the UZRB are counted.
#Pixels are spatially randomly selected from the stationary map.
*Note, the 410 pixels include all the permanent wetlands pixels in the stationary
landcover map.

Table 6-2: Summary of methods.
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Stochastic Models
Logistic regression
model using one
predictor variable
(n=1 in equation
(6.1))
Logistic regression
model using two
predictor variables
(n=2 in equation
(6.1))
Logistic regression
model using four
predictor variables
(n=4 in equation
(6.1))

Method

Predictor Variables
NBAR NIR
NDWI

LR1

TC Wetness
TC Brightness

LR2

LR4

Probability
Results
LbÆæç _Æé
LbÆ©êé
LbÔë_êìJ
LbÔë_æ_J

NBAR NIR and NDWI

LbÆé

TC Wetness and Brightness

LbÔë_êìJæ_J

NBAR NIR, NDWI, TC Wetness
and TC Brightness

Lbç

_Æ©êé

_í&_

Figure 6-4 displays histograms of all the indices for the UZRB. To identify
wetland pixels and separate wetlands from other types of land-cover using only one of
these indices, the peak of the wetland distribution should be isolated from the peaks of
other types. It can be seen from the figure, that the four indices, including NBAR NIR,
NDWI, TC wetness and brightness, all have peaks away from the peaks of other types.
Recall that these training data were collected during the rainy season, thus representing
moist conditions. The histograms will display dramatic contrast in distribution (distinct
peaks) for wetlands and other land-covers during the transition and dry seasons. Also,
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by combining multiple indices in the logistic regression, it is possible to take advantage
of all the inherent information, and thus the overlapping information can be removed.

Figure 6-4: Histogram of training data
As summarized in Table 6-2, first, we performed logistic regression only using
one predictor variable (noted as LR1), i.e. n=1 in equation (6.1), to isolate the contrasting
effects between dry land and wetland pixels among these indicating indices. Four
probability results were produced subsequently, denoted Pr∗ hereafter, where *
indicates the used predictor variable, i.e. NBAR_NIR, NDWI, TC_Wet and TC_Brt. The
fitted model results are shown in Figure 6-5a. Since we only use one predicator variable,
the fitted logistic regression model function depends only the selected index. Note the
similarity between the fitted model using NBAR NIR and TC brightness, and also using
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NDWI and TC wetness, indicating that the produced results might also share some
similarity. Although pixels having probability larger than 0.5 can be categorized as
wetlands, we will use several probability thresholds (e.g. 0.3, 0.55, etc.) to account for the
large uncertainty associated with the fitted models and training data and generate a
series of wetland probability maps. Likewise for the other methods in Table 6-2. Second,
since the NBAR NIR and TC brightness are both negatively correlated, and NDWI and
TC wetness are both positively correlated to wetland probability, we used both NBAR
NIR and NDWI, and both TC wetness and brightness jointly as two predicator variables
in logistic regression model (noted as LR2). The fitted logistic regression models are
shown in Figure 6-5b. The three dimensional figures in the middle panel depict the
probability surfaces determined mutually by the two predicator variables jointly (i.e.
combining NBAR_NIR and NDWI, or combining TC wetness and brightness). The left
and right panel show the projection of the probability surfaces on the probabilityvariable planes, which explicitly display the uncertainty compared to the one-to-one
curve model in method LR1. Third, all four variables were combined (noted as LR4) to
obtain the logistic regression model shown in Figure 6-5c, displaying the projection of
each variable on the probability-variable planes.
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Figure 6-5: Fitted logistic regression models using one predictor variable LR1 (a),
using two predictor variables LR2 (b), and all the four predictor variables LR4 (c).
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6.2.2 Introducing wetland processes into the DCHM
The wetland parameterization incorporated into the DCHM follows closely
(Kazezyilmaz-Alhan et al., 2007) and was implemented having in mind the coarseresolution ( i.e. 5 km grid spacing) implementation of the model in the UZRB.

This

required first that the kinematic wave approximation for overland flow in the DCHM be
modified to use a diffusive wave approximation (as described in section 2.1.1.3). Next,
the Manning’s equation was replaced with a power-law relationship between velocity
and water depth to explicitly account for vegetation resistance, since the friction to
overland flow is dominated by the vegetation drag forces in wetland sites (Kadlec, 2009;
Kadlec and Wallace, 2008; Kazezyilmaz-Alhan et al., 2007), as shown as below,
Z = Å#ì" ° 9

− °⁄ O

(6.2)

where V is the surface flow velocity on the wetland sites [L/T], y is the sheet flow
depth[L] (usually is very small),

is the bottom slope [L/L], and Å#ì" is the coefficient

reflecting vegetation density [1/LT]. Here Å#ì" =107(m-1d-1) or 116(m-1s-1) is used for dense
vegetation (Kadlec and Wallace, 2008; Kazezyilmaz-Alhan et al., 2007). Equation (2.28)

can account for both the effect of vegetation gradients and the bottom elevation beneath
the wetland sites.
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In addition, soil and aquifer properties in wetland pixels have different
hydrologic and hydraulic properties from upland pixels (required to retain water during
the rainy season and slowly releasing it during dry season). Evapotranspiration in the
wetland pixels is constrained to occur at potential rate when ponding is present, and to
follow the core DCHM formulation otherwise. The wetland probability maps were used
in the DCHM to identify wetland pixels, e.g. the pixels with probability larger than a
certain threshold. Besides the p=0.55 threshold, we also use p=0.3 to generate wetland
maps representing large uncertainty. A slope threshold (>0.5o) is used to constrain the
formation of wetlands to less steep slopes and lower lying areas.
To examine the role of wetlands in the hydrology of the UZRB, hydrological
simulations without and with wetlands using the various probability maps were
conducted at 5 km resolution and hourly time-steps for ten water years from 2002 to
2012. Due to computational limitations, two-year spin-up simulations were conducted
to initialize the DCHM. However, given the size of the basin, and complex topography,
geology and ecology, in addition to the unique coupling to the NAK aquifer, it is
expected that internal equilibrium among water stores especially for the longer timescales was not reached over this short spin-up period. An immediate implication of this
shortcoming is that the initial condition of the water table depth may be biased and the
bias is likely spatially heterogeneous. This issue is further discussed in Section 6.3.2.
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6.2.3 Hydrometeorological forcing data and ancillary data associated
with soil and aquifer properties
The hydrometeorological forcing data include precipitation, other atmospheric
forcing data, and land surface parameters. Except for precipitation, other atmospheric
forcing datasets including air temperature, air pressure, wind velocity, specific
humidity, and downward radiation were extracted from the ECMRWF (European
Centre for Medium Range Weather Forecasts) meteorological reanalysis data (ERAInterim, 6-hourly, about 0.703°), obtained from NCAR's Data Support Section (DSS).
Liechti et al.(2012) evaluated three satellite-based precipitation estimates,
including the Tropical Rainfall Measuring Mission product 3B42 (TRMM 3B42), the
Famine Early Warning System product 2.0 (FEWS RFE2.0) and the NOAA Climate
Prediction Centre morphing technique (CMORPH), for the purpose of hydrological
modeling specifically in the Zambezi river basin. The three satellite products were
compared with each other in terms of spatial heterogeneity/homogeneity, and against
ground gauge observations focusing on temporal reliability described by the
comparison of volume ratio at daily to monthly time scale. The study concluded that
TRMM 3B42 is the best option for performing hydrological modeling in the Zambezi
river basin given its merits of good accuracy, high temporal resolution and longer data
set availability period. Thus, the TRMM precipitation product 3B42 (V7), consisting of 3277

hourly 0.25o x 0.25o (~25 km spatial resolution) merged satellite product, was utilized to
generate hourly rainfall fields over the UZRB.

The data were interpolated nearly in

time and the rainfall rate for each 3B42 pixel at 25 km resolution was uniformly applied
to the corresponding 25 5 km corresponding grids. There is large uncertainty in the subgrid scale variability of rainfall in following this simple downscaling strategy, which
might be addressed in the future through statistical downscaling (e.g. Nogueira and
Barros, 2015).
Land surface parameters include broadband albedo, emissivity, Leaf Area Index
(LAI) and vegetation coverage (CV). LAI, albedo and emissivity were obtained or
estimated from MODIS MCD15A2, MCD43B1 and MOD11C2 products, respectively.
The CV was then derived from LAI based on an empirical relationship as described in
Tao and Barros (2015). Figure 6-6 shows the LAI over UZRB extracted from MODIS
product, for two months in the wet (May) and dry (Oct.) seasons in 2003. It can be seen
that LAI over this basin shows large variability, approaching values as high as 7 in the
mountainous region of the UZRB and being less than 1 in the southern semiarid region,
especially during the dry season. The broadband albedo and emissivity are shown in
Figure 6-7 which clearly depicts the large contrast between the wetlands and the dry
land.
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Table 6-3: Summary of the MODIS Products used1.
Short
name

Platform

MCD15A2

Combined

MOD11C2

Terra

MODIS Product
Leaf Area Index FPAR
Land Surface
Temperature &
Emissivity

Raster
type

Resolution

Temporal
Granularity

Tile

1000m

8 day

CMG

5600m

8 day

MCD43B1

Combined

BRDF-Albedo
Model Parameters

Tile

1000m

MCD12Q1

Combined

Land Cover Type

Tile

500m

8day
(16 days
acquisition
interval)
Yearly

Figure 6-6: MODIS LAI over UZRB during a period in wet season (left) and in dry
season (right) in 2003.

1

https://lpdaac.usgs.gov/products/modis_products_table

279

Figure 6-7: Land surface broad band albedo and emissivity over UZRB for Apr. 30 to
May 7, 2004, derived from MODIS products MCD43B1 and MOD11C2, respectively.
In addition to temporally and spatially varying hydrometeorological forcing data,
ancillary spatial data (temporally invariant data) consisting of elevation, flow direction,
data to specify soil parameters and aquifer properties are also essential for hydrologic
modeling. Soil texture in the UZRB was first extracted from the Harmonized World Soil
Database (HWSD), and then soil parameters were assigned according to the soil textures
(shown in Figure 6-8), including saturated hydraulic conductivity Ksat, porosity f, field
capacity qfc and wilting point qwp. The predominant soil types in the UZRB are sand at
high elevations and sandy loam over the extensive flood plain. Accordingly, Ksat is high
in mountainous regions and low over flood plains where qfc and qwp show relatively high
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values. Complex soil textures are found in the mountains within the Moxico Province in
Angola, thus showing large spatial variability in soil parameters.

Figure 6-8: Soil texture over the UZRB. River system is also shown with thickness
representing stream order values.
Aquifer properties are mainly extracted and/or derived from quantitative maps
of groundwater properties produced by the British Geological Survey (BGS)2, including
aquifer productivity, storage, and estimated depth to groundwater. Details about the
data produce procedures can be found in (MacDonald et al., 2012)

2

http://www.bgs.ac.uk/research/groundwater/international/africangroundwater/mapsDownload.html
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Figure 6-9: The quantitative maps of groundwater properties obtained from the British Geological Survey (BGS). The
approximate location of the UZRB is marked by red squares.

Figure 6-9 indicates that the NKA system is relative uniform with regard to
aquifer storage capacity and productivity, has deep thickness and thus can maintain
large water storage, and also has relative large productivity. The water table depth
follows the topography of the AHP with shallow water tables to the north in the Congo
River Basin and at high elevations and deep water tables to the south. The BGS maps
provide a good overall description at the regional scale, but finer resolution data are
necessary for the DCHM. Specifically, groundwater storage was calculated based on the
saturated thickness and effective porosity. An effective porosity range was assigned to
each region of the aquifer based on literature review of a series of studies across Africa,
and surrogates elsewhere in the world (MacDonald et al., 2012). The groundwater
productivity map indicates representative borehole yields that are reasonable for
different hydrogeological units. The ranges of productivity represent the approximate
interquartile range of the boreholes yield from the drilled sites (MacDonald et al., 2012).
Depth to groundwater was estimated based on an empirical approach according to
rainfall, aquifer type and proximity to rivers (Bonsor and MacDonald, 2011). This depth
to groundwater is used as the initial water table for the hydrological simulations with
the DCHM given the short spin-up period as discussed earlier. That is, the spin-up
results are only applied to initialize the soil moisture in the upper soil layers.
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6.2.4 Observations for hydrological verification
Daily discharge observations in the Upper Zambezi were obtained from the
Global Runoff Data Center (GRDC) website 1 . The GRDC is the source of publicly
available discharge data for the region. Currently, there are 11 stream gauge stations in
the Upper Zambezi River basin, shown in Figure 6-1 and also in Figure 6-8. However,
data from most stream gauges have extended periods of missing observations, and there
are no records from most gauges after 2004. Thus, these observations cannot be relied
upon for rigorous quantitative evaluation of the simulated streamflow results, but rather
they are used as qualitative diagnostic reference to examine the model’s ability to
capture the seasonality of surface-groundwater interactions, as well as relative spatial
and inter-annual variability.
The Gravity Recovery and Climate Experiment (GRACE) satellite was launched
jointly by NASA and German Aerospace Center (DLR) in March 2002, to observe the
gravity field of the Earth at approximately monthly scale and at global scale with spatial
resolution at few hundred kilometers. GRACE standard products are a set of spherical
harmonic coefficients (Stokes coefficients) representing the Earth's gravity field (Wahr et
al., 1998). The temporal variations of gravity fields are dominated by the changes in the
distribution of water and snow in the terrestrial system, i.e. terrestrial water storage

1

http://www.bafg.de/cln_030/nn_266934/GRDC/EN/Home/homepage__node.html?__nnn=true

284

(TWS) (Ramillien et al., 2005a; Ramillien et al., 2005b; Rodell and Famiglietti, 2002). The
GRACE terrestrial water storage anomaly (TWSA) or the terrestrial water storage
change (TWSC) products are the monthly deviation of TWS subtracted by the long-term
mean of the GRACE observations (Swenson and Wahr, 2006; Syed et al., 2008; Yeh et al.,
2006). Due to measurement errors/noise and systematic errors, various post-processing
approaches (i.e. smoothing, filtering, etc.) were used for reducing noise meanwhile
conserving the satellite signals to the maximum extent (Landerer and Swenson, 2012;
Swenson and Wahr, 2006). GRACE monthly TWSA observations are produced by three
processing centers, including the Center for Space Research (CSR) at the University of
Texas, the GeoForschungsZentrum Potsdam (GFZ) in Germany and the NASA Jet
Propulsion Laboratory (JPL). In this study, GRACE TWSA Level 3 release 05 (L3 RL05)
data for the ten-year period 2003-2012 produced at the CSR will be used. Due to signal
degradation associated with measurement errors and noise, the uncertainty in the
GRACE mass observations is estimated as 30mm~40mm of water thickness over the
Zambezi river basin (Landerer and Swenson, 2012; Wahr et al., 2006).
The GRACE TWSA observations provide an additional and alternative approach
to examine the regional water budget given the paucity of ground-based observations.
The time series of the UZRB basin-averaged GRACE TWSA exhibits an increasing trend
during the last decade from 2003 to 2012 (Figure 1-5) that evolves in tandem with the
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wetland areal expansion shown in Figure 1-6. Interestingly, this is not matched by a
concurrent similar trend in basin-integrated rainfall. This divergence in decadal-scale
trends could result from a decrease in evapotranspiration water use, be part of a largescale slow adjustment of the terrestrial water stored in the NKA and neighboring
aquifers after a long period of drought as shown in Figure 6-10, or emerge from complex
nonlinear hydrological processes within the basin. A comprehensive hydrological
modeling study is needed to address key scientific questions such as how and why the
UZRB gains and stores water, and whether the NKA water storage gain results from
natural groundwater fluctuations in the NKA proper or forced by water storage changes
in adjacent aquifers (Figure 6-9). In Figure 6-10, the blue line represents GRDC discharge
(C-1291100) in the lower stem of the Zambezi River very close to the UZRB outlet (red
dot in Figure 6-1d); the black line represents GRDC discharge (B-1591001) in the main
stem of the Zambezi in the middle of the basin; and the pink like represents GRDC
discharge (A-1591002) at the outlet of the north-northeast high-elevation drainage area.
There is an increase in the flow magnitude from A to B to C along the river network as
expected since the drainage area increases, though the increment between B and C is
much larger than what would be expected based on the rainfall distribution which is
mostly confined to the higher elevations. This suggests that the lower Zambezi is an area
of strong subsurface flow convergence from the uplands. Wetlands play an important
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role also in sub-basin B that is in the transition from the uplands to the Kalahari Desert
in the south, as demonstrated by the smoothing of the discharge between gages A and B
(i.e. the discharge difference is small between gauge A and gauge B located downstream
of the large wetlands in the mid-section of the UZRB).
Furthermore, note that there is large inter-annual variability in the system as
shown by the flow at gauge C-1291100 reflecting not only hydroclimatic differences
between drought (1990-1997) and wet years (1998-2001), but also inter-annual variability
in rainfall patterns. The contrast between discharge in 2004 and 2005 is not due to
differences in basin rainfall totals, but rather due to differences in the spatial patterns of
rainfall that shift from the headwaters of the Zambezi proper in the north-northeast
sector of the UZRB to the headwaters of the Cuando-Luana tributary system on the
western flank of the UZRB (Figure 6-1). The magnitude of the streamflow observations
from the GRDC gauges in the Cuando and Luana rivers is four orders of magnitude
lower than in the main stem of the Zambezi (e.g. GRDC station 1291200 in Figure 6-10).
Although these lower discharge values may result in part from representativeness errors
associated with the gauge placement on a meandering river within a large alluvial plain
(e.g. the location of the main channel may have changed and, or there may be multiple
channels), the difference in magnitudes is very large and consistent over 25 years of
historical record, thus suggesting there is a underlying physical basis to this behavior.
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The discharge amplitude swing at C between 2004 and 2005 and the contrasting spatial
patterns of rainfall (Figure 6-3) despite no significant differences on basin-integrated
rainfall between the two years (Figure 1-5b) support the hypothesis that the CuandoLuana sub-basin functions as the main recharge area for the NKA within the UZRB.
This hypothesis is further supported by the dominance of sandy soils (Figure 6-8) that
favor deep percolation.

Dry Scenario

Figure 6-10: Time series of discharge observations in the UZRB at 11 stream gauges
from 1980 to 2009. Observations since 2004 from most of the gauges are still not
available. The largest discharge observations are from three stream gauges, namely C1291100, B-1591001 and A-1591002 in Figure 6-1.

6.3

Results

6.3.1 Wetland Probability Mapping
Figure 6-11 shows four wetland probability maps produced using method LR1
with different predictor variables. The results substantiate that the positively correlated
variables (NDWI and TC wetness) show better results for the semi-dry or dry season,
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but overestimate the wetland area during the rainy season. The negatively correlated
variables (NBAR NIR and TC brightness) show the opposite, i.e. having good results for
rainy season and overestimating otherwise. This suggests that combining NBAR NIR
and NDWI, or combining TC wetness and brightness for the logistic regression, indeed
merges the advantage of each predictor variable, leading to realistic (and reasonable)
probability maps as shown in Figure 6-12. The two probability maps LbÆé

LbÔë_êìJæ_J show some identical features in the rainy season, but LbÆé

_Æ©êé

_Æ©êé

and

has more

reasonable results for the dry period, while LbÔë_êìJæ_J overestimates wetland area in

the north (greenish color).
The logistic regression model with four predictor variables using NBAR NIR
(negatively correlated), NDWI (positively correlated) and TC wetness (positively
correlated) and TC brightness (negatively correlated) is also able to monitor wetland
changes both in space and time as shown in the bottom panel in Figure 6-12. The
probability maps generated every eight days using the two or four variable logistic
regression models were incorporated into the DCHM to identify wetland pixels.
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Figure 6-11: Probability maps in 2009 generated using LR1 method.
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Figure 6-12: Probability maps in 2009 generated using LR2 and LR4 method.

6.3.2 Wetland Hydrology
Two modeling experiments were conducted to investigate the effects of wetland
evapotranspiration (ET) on the UZRB water budget: 1) ET is forced to potential rates in
the wetland pixels under ponding conditions; and 2) potential ET is assumed in all
wetland pixels independently of whether they are submerged or not. The model
predictions of streamflow at gauge B (i.e. 1591001) in the mid-basin floodplain for water
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years 2002 to 2004 are presented in Figure 6-13. Six wetland maps identified using three
methods (PrAll_Var, PrTC_WetBrt and PrNIR_NDWI) with a lower probability threshold 0.3 and a
regular threshold 0.55 were used to delineate the wetland boundaries. Figure 6-13 shows
that the explicit representation of wetlands reduces the flow response to some extent, the
magnitude of which reduction is controlled by the wetland area and the ET. The largest
streamflow response in the simulations including wetlands was obtained by using
Pr_NIR_NDWI >0.55 as the mapping rule; the lowest flow response was obtained by using
Pr_TCWetbrt >0.3.

For threshold values in-between, the simulated streamflow falls in

between the maximum and the minimum. The simulations with potential ET limited to
ponding conditions (Fig 6-12a) do not show much discrepancy from the results without
wetland representation in the model. In contrast, the ‘sponge’ effects of the wetlands are
clearly shown in 2003 when ET is forced to occur at potential rate everywhere within the
wetland boundaries (Figure 6-13b). The streamflow differences between the 2003
simulations with potential evapotranspiration rates limited or not to ponded areas can
be alternatively explained by the model underestimating ponding depth over large areas
that may, or may not be actual wetlands (notice the streamflow differences are
significant only for the wetlands classified using p=0.3 as the probability threshold, that
is associated with large uncertainty). Furthermore, 2003 was a relatively dry year (thus
enhancing the impact of ET overestimation in Figure 6-13b), whereas 2004 that was a
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relatively wetter year (compared to 2003), and the differences are much smaller between
the results in Figures 6-13a and Figure 6-13b for the same year. Also, there are no
wetland observations for evaluation, and it is important to keep in mind the coarseresolution of the DCHM grid, which at 5km is too coarse to capture sub-grid scale
variability or terrain and land cover heterogeneities. Currently, the wetland probability
maps are also produced at 5km resolution, but given that the MODIS products are
available at much higher spatial resolution, the representation of fractional wetland
cover will be a logical next step in model development to avoid overestimation of
wetland area in the model calculations. Finally, all simulations significantly
overestimate the streamflow against the GRDC records, as shown in Figure 6-13,
regardless of whether wetlands are incorporated or not. Nevertheless, we reiterate that
the GRDC discharge records are used as a qualitative proxy of actual streamflow only.
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Figure 6-13: Streamflow response with and without wetland parameterization for
water years from 2002 to 2004. Results in a) potential ET is limited only to ponded
areas predicted by the DCHM. Results in b) potential ET occurs everywhere, thus
showing stronger ‘Sponge’ effects of the wetlands, i.e. retaining water in wet season
(b.1) and releasing water in dry season (b.2).
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Figure 6-14: The top panel shows the streamflow estimates at the UZRB outlet with
and without wetland parameterization for water years from 2002 to 2012. The bottom
panel shows difference in the streamflow with and without the wetland
implementation, showing the overall integrated effects of the wetlands. The legend is
the same as in Figure 6-13.
The simulated streamflow at the basin outlet (red circle in Figure 6-1d)for the
2002-1012 decade (shown in the top panel of Figure 6-14) exhibits very different
hydrological response from year to year consistent with the variability observed and
simulated elsewhere in the basin (Figure 6-10). For example, the hydrograph is very
sharp and narrow in 2008 but is quite wide in 2010 resulting from different rainfall and
associated water storage patterns (i.e. large runoff response is associated with small
storage changes while lower runoff response results implies large storage changes).
During the wet/rainy season, the wetlands retain water, and then during the dry season,
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the water is slowly released to recharging the aquifer and via evapotranspiration. The
impact of wetlands on the regional water cycle is demonstrated by the decreasing trend
in streamflow at the basin outlet (bottom panel of Figure 6-14) that is inversely related to
the increase in wetland area. clearly demonstrate the wetland impacts on regional water
cycle.

Figure 6-15: Terrestrial Water Storage Anomaly (TWSA) and Evapotranspiration
Anomaly (ETA) over the simulating decade from the modeling results with and
without wetland (WL), and from the GRACE TWSA observations (TWSA_GRACE)
are shown in the top panel. The subcomponents of the modeled TWSA, including
surface water storage, soil water storage and aquifer water storage change are also
shown.
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The simulated terrestrial water storage anomaly (TWSA) based on the model
mean for the period of simulation is compared against GRACE TWSA observations in
Figure 6-15. Also shown is the simulated ET anomaly (ETA), and the simulated
subcomponents of the TWSA including surface water storage, soil water storage and
aquifer water storage change. The figure shows that the simulated TWSA agrees
generally very well with the GRACE observations except for the extremely wet (2006 2008) period (Figure 1-5b) and is underestimated in the extremely dry year (2003). The
latter is attributed to uncertainty in model initial conditions due to insufficient sin-up as
discussed earlier that appears to affects the first two years of simulations.
Notwithstanding other sources of uncertainty, including model structure and
parameters, the simplistic downscaling of rainfall from the TRMM 3B42 to the DCHM
grid should result in largely underestimated rainfall intensities, and consequently lower
infiltration rates that explain the overestimation of soil water storage for the 2006-2008
period, i.e. higher, more realistic rainfall rates over smaller areas would result in
stronger runoff response releasing more water from the system.

Whereas this problem

is common to all rainfall forcing in all years, we argue that the reason why this effect is
so much more acute in the 2006-2008 period than in other years is related to an increase
in the contribution/frequency of intense convective systems in the peak of the wet
season (Fig. 1-5b).

Such storm systems produce localized heavy rainfall, which is
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underestimated and spatially smoothed already in the TRMM 3B42 product (e.g. Iguchi
et al. 2009), even before the downscaling is applied.

In addition, this could also be

emergent behavior of the surface-groundwater system response to rainfall as described
in the DCHM with slower baseflow production that is ultimately linked to the rainfall
characteristics.
The basin-wide integrated ET does not show an obvious trend although it
exhibits reasonable inter-annual variability, i.e. positive ETA corresponds to negative
TWSA in dry seasons (note the anomaly is not a true natural anomaly, but a model
simulated anomaly, i.e. the absolute value subtracted the multi-year’s mean of the
modeling results). However, there are no significant differences between the simulated
TWSA with and without wetlands, and differences in surface water storage are
relatively small. The dominant changes are in the simulated unsaturated zone soil water
storage, which exhibits a positive trend over the 2002-2012 decade consistent with the
TWSA. The aquifer water storage shows an opposite trend, but the magnitude is very
small, and as mentioned earlier there is large uncertainty in the initial water table
conditions.

Considering the assumption of no transboundary fluxes with adjacent

aquifers, the trend in aquifer storage is not representative of underlying processes.
Figure 6-16 illustrates the differences in terrestrial water storage (TWS) between
the estimates with and without wetlands in 2005 and 2010, respectively a dry year and a
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wet year. Bluish colors indicate increase in TWS with implementation of wetlands. As it
can be seen from the figure, the largest TWS differences do not appear during the rainy
season (Jan.-Apr.) but in the dry season, e.g. from August onward. That is, wetlands
retain water in the rainy season then slowly release water the dry season indicating
vigorous surface--groundwater interactions. It should be noted that even in the dry
season, the surface-groundwater interactions remain active in the floodplain.

Such

effects are more obvious in the wet year than in the dry year (large bluish area over the
floodplain in 2010 compared to in 2005).
Although the forcing data and parameters used in this study have large
uncertainties and potential unidentified errors, the results shown in Figure 6-16 provide
useful new insights into the critical role of wetlands in regional freshwater resources.
The water depth retained in the wetlands is as large as 30cm, thus the total volume of
water retained by the wetlands is quite significant given the extensive area. Figure 6-17
and Figure 6-18 show the water budget difference between simulated components
(including TWS, ET, evaporation and transpiration) with and without wetlands in a dry
year (a) and a wet year (b) for the months of April and October, respectively. By April
wetlands remain only in the northern sectors of the UZRB are shown in Figure 6-17, but
potential evaporation of ponded water is still the dominant component of ET. Whereas
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by October, surface water penetrated deeper in the soil, and the dominant component of
ET is transpiration (note differences in the wet year over the floodplains; Figure 6-18b).

Figure 6-16: The differences between the terrestrial water storage estimated from the
simulation without wetlands and with wetland identified using PrNIR_NDWI >0.55 (*.1)
panel with smallest wetland area) and PrTC_WetBrt >0.3 (*.2) panel with largest wetland
area) in months of a dry year 2005(a) and a wet year 2010 (b).

300

Figure 6-17: The differences between the water budget components (TWS,
Evapotranspiration, Evaporation and Transpiration) estimated from the simulation
without wetlands and with wetland identified using Pr_NIR_NDWI >0.55 (*.1) panel with
smallest wetland area) and Pr_TC_WetBrt >0.3 (*.2) panel with largest wetland area) in
April of a dry year 2005(a) and a wet year 2010 (b).
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Figure 6-18: Same as Figure 6-16, but for October (Transpiration dominant scenario).
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6.4

Conclusions and Discussion
This study aims to characterize the seasonal (wet/dry season) and inter-annual

variability of the water budget of the UZRB and to assess the regional vulnerability of
water resources of the underlying Northern Kalahari Aquifer (NKA) at decade scale (i.e.
water years from 2002 to 2012). The results demonstrate that 1) wetlands modulate flow
response to some extent depending the total area of the identified wetlands; 2) soil water
variability dominates the terrestrial water storage change/anomaly in the UZRB; 3)
surface-groundwater interactions are vigorous and highly nonlinear showing large
inter- and intra-annual variability, which stays active all year along in the floodplain; 4)
at the decade-scale the model captures well the GRACE TSWA trend except for the
extremely wet years (2006-2008), regardless of whether the wetland physical
parameterization is used or not in the simulations. The positive trend in TWSA is
attributed to changes in the spatial patterns of rainfall from the north-northeast sectors
of the UZRB headwaters to the west over the Cuando-Luana sub-basin which functions
mainly as a recharge area to the NKA.
This project is a preliminary demonstration of the application of the DCHM at
coarse resolution over a very large region to monitor the inter-annual variability of
freshwater resources in data-scarce regions, and it serves as a demonstration of the value
of satellite products to characterize land surface changes in hydrologic models. Despite
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inherent uncertainties, satellite observations are still the most promising source for
investigating scientific questions in data-scarce regions.
Future work to improve this study and reduce ambiguity in the interpretation of
model results will focus on the following improvements:
1) Rainfall downscaling - As discussed in section 6.3.2, rainfall characteristics
cause very different hydrological behaviors of the system. Presently, satellite rainfall at
coarse resolution is directly transferred and uniformly distributed at the model’s finer
resolution, which should lead to underestimating moderate and heavy rainfall
intensities, and therefore change the dynamics of rainfall-runoff response. To address
this issue, the fractal downscaling algorithm developed by Nogueira and Barros (2014)
and used by Tao and Barros (2014b and 2014c) will be applied to the UZRB to better
account for the sub-grid scale rainfall characteristics.
2) Model Initialization - Currently, the two-year spinup is not sufficient for such
a large basin underlain by a complex aquifer system. More than 100-year long spin-up
simulations should be conducted to reduce the possible uncertainty and errors in the
initial soil and aquifer storage.
3) Explicit Representation of Dambos - Dambos are unique landscape features
in Southern and Central Africa, and they also appear in the UZRB (Burrough et al., 2015;
Chidumayo, 1992; von der Heyden, 2004). Dambos are shallow grassy depressions that
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fill up during the rainy season at which time they can become part of the broader
wetland areas, but they significantly affect the dry season hydrology reducing and
slowing runoff and capturing shallow subsurface flows on the one hand, and increasing
ET by providing humid refugia for grasses.
4) Predictive Inundation modeling -

From the modeling perspective, the

wetland inundation mechanism should be simulated directly with the DCHM (a
forward mode), instead of ingesting MODIS-derived wetland maps into it (a backward
mode). In fact, an alternative way to conduct the study is to simulate the seasonal
inundation area. Then the MODIS-derived wetland probability maps should be used to
verify the modelled results. However, this will require detailed characterizing of the
river geometry (i.e. shape/volume, elevation of streambed, etc.), which is quite
challenging, especially in the case of alluvial rivers.
5) Nested modeling strategy - The wetland hydrology parameterization does
not represent all the relevant hydrological processes. For instance, when flooding occurs
on the wetland, channel flow becomes overland flow, and thus the governing equations
should be changed accordingly. Such effects should be accounted for by implementing
the model in two nested ways, as shown in Figure 6-19. In the wet season, all the
connected wetland pixels should be treated as a single pixel at coarser resolution with
fractional subgrid information. In the dry season, when the wetland slowly shrinks
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toward the stream channel, then a much finer resolution is needed to explain this
process and reduce overestimation errors in ET.

Figure 6-19: The ideal wetland modeling should incorporate two nested modes, i.e.
one for upscaling in the wet season and another for downscaling in the dry season.
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7. Summary and Future Work
7.1

Summary and Research Findings
This research presented in this dissertation was motivated by the long-standing

challenges of achieving useful hydrologic predictability of precipitation-induced natural
hazards and water resources in regions of complex terrain. Two mountainous regions
in very different hydroclimatic and physiographic regions were the focus: the Southern
Appalachian Mountains (SAM) in North Carolina, a mid-latitude middle-mountain
system in the eastern US dominated by forest ecosystems, and the Angolan High Plateau
(AHP), encompassing Angola and Zambia, a tropical middle-mountain system in
Southern Africa dominated by savannah ecosystems in the transition between the Congo
River basin to the north and the Kalahari desert to the south. The research objectives
were defined to address critical science needs with important broader societal impacts in
each specific region: 1) hydrological predictability of precipitation-induced natural
hazards (i.e. floods and landslides) in the SAM, and 2) to characterize the seasonal
(wet/dry) and inter-annual variability of surface-groundwater interactions with
implications for water resources management in the Upper Zambezi River Basin
(UZRB). The research approach is to investigate the modes of uncertainty propagation
from atmospheric forcing data and hydrologic states on processes at multiple scales
using a parsimonious uncalibrated hydrologic model (i.e. the DCHM), and Monte Carlo
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and Data-Assimilation methods. In this dissertation, a Hydrologic Data Assimilation
System (HDAS) relying on the DCHM and various data assimilation techniques
including EnKF (Ensemble Kalman Filter), the fixed-lag EnKS (Ensemble Kalman
Smoother) and Asynchronous EnKF (AEnKF) was developed in order to investigate the
coupled surface-groundwater system and assess the predictability of precipitationinduced natural hazards (i.e. floods and landslides) in headwater basins, including the
propagation of uncertainty in QPE/QPF (Quantitative Precipitation Estimates/Forecasts)
to QFE/QFF (Quantitative Flood Estimates/Forecasts). The DCHM model was
implemented first at high spatial resolution (250m) in the SAM. The DCHM modeling
system was implemented subsequently at coarse resolution (5 km) in the UZRB in
southern Africa for decadal-scale simulations (i.e. water years from 2002 to 2012) of the
regional water cycle.
The studies presented in Chapters 3 through 6 provide substantial and definitive
support to the dissertation’s science hypothesis, that hydrologic response in
mountainous regions is governed by surface-subsurface interaction mechanisms,
specifically interflow in soil-mantled slopes, surface-groundwater interactions in
recharge areas, and wetland dynamics in alluvial floodplains at low elevations, in the
range of spatial scales resolved by the model (i.e. Nyquist sampling scale and coarser): ~
250 m -1 km in the SAM and ~ 5-25 km in the UZRB. Specifically, it was demonstrated
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that: 1) interflow processes control flash-flood response and shallow-landslide initiation
in the SAM, which can be specifically linked to hydrogeomorphic traits of headwater
basins, as well as cumulative multi-year soil water storage trends in the UZRB (Tao and
Barros 2013, 2014 and 2015c; respectively Chapters 3, 4, and 6); and 2) surfacegroundwater interactions control the space-time memory of the coupled surfacegroundwater system governing low flow regimes in the SAM, and the annual expansion
and retreat of wetlands and contrasting soil water storage roles in the two major subbasins of the UZRB – the Zambezi proper [tropical dry forest and savannah] and the
Cuando-Luana [semi-arid] (Tao and Barros, 2015a; 2015b; 2015c). Furthermore, QFF
studies using various configurations of the DCHM-DAS (Data Assimilation System) in
the context of the IPHEx operational hydrology testbed achieved unprecedented
performance (compared to present operational skill) using a distributed hydrologic
model in headwater basins with lead times actionable (six hours and longer) for public
warning, emergency management and disaster response. In addition, it was
demonstrated that, among the three discharge DAS schemes, superior performance can
be attained for implementations that capture the uncertainty in forcing, model structure
and observations proper and to some degree the phase-delay in local rainfall-runoff
response and streamflow at the outlet: AEnKF and EnKS.
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A common thread across all studies and at all scales (not unexpected) is the
strong dependency of hydrological predictability on the quality of the input
hydrometeorological data, especially the QPEs and QPFs, which are widely recognized
as the primary challenge to hydrologic forecasting. This was illustrated for the Tropical
Storm Fay case study (Tao and Barros, 2013; Chapter 3) and the daily operational
hydrological forecast activities during the IPHEx IOP (Chapter 5; Tao et al., 2015).
Using QPE products adjusted with rainfall observations from a dense raingauge
network in the Pigeon River Basin, arguably as close to the “true” rainfall as possible
given the available measurements and yielding QFEs with Nash–Sutcliffe (NS)
coefficients of 0.8~0.9, the analysis of the joint QPE–QFE distributions shows that flood
response at the catchment scale is highly non-linear, and exhibits strong dependence on
basin physiography, initial soil moisture conditions, the space–time organization of
runoff generation and conveyance mechanisms, and in particular interflow dynamics,
with respect to the space–time structure of rainfall. Without the data-assimilation of
discharge data, the testbed showed that all QPE and QPF products driving the DCHM
lead to severe underestimation or overestimation (more frequently) of the streamflow,
including missed and false alarm events. The discharge-driven corrections applied to
the distributed soil moisture states provide a blue-print for inferring the space-time
structure of precipitation error
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The relationship between dynamics of subsurface hydrologic processes and the
triggering mechanism for debris flow was investigated through analyses of the
simulation results from the DCHM coupled with slope stability models for three distinct
weather systems. The results revealed that the spatio-temporal dynamics of interflow
play an important role in initiating debris flow by redistributing soil moisture in the
basin, showing strong correlation with the timing and location of shallow landslide
initiation, and subsequent debris flow mobilization. This work substantiates that
interflow is a useful prognostic variable of conditions necessary for the initiation of slope
instability, and should therefore be considered explicitly in landslide hazard
assessments. Moreover, the relationships between slope stability and interflow are
strongly modulated by the topography and catchment-specific geomorphologic features
that determine subsurface flow convergence zones. At seasonal and inter-annual timescales, subsurface flow convergence zones play an important role in modulating the
spatial variability of hydrologic regimes in the UZRB. A physical parameterization of
wetland hydrology was newly introduced in the DCHM to simulate the regional water
budget and water cycle in the UZRB with the help of wetland occurrence probability
maps generated by logistic regression models using MODIS reflectance-based indices as
predictor variables. Ten-year long unconstrained model simulations revealed that soil
water changes dominated the terrestrial water storage/anomaly (TWSA?) change over
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the simulated decade (i.e. water years from 2002 to 2012). The independently modeled
TWSA shows very close agreement with GRACE TWSA observations except for an
intermediate period during which very heavy rainfall was observed in the peak of the
rainy season and TSWA is overestimated. This is attributed to underestimation of
extreme convective events in the satellite-based precipitation data set (TRMM 3B42)
used to force the DCHM further aggravated by direct mapping of rainfall to the DCHM
grid with inappropriate rainfall downscaling. Shifts in rainfall patterns to the semi-arid
sub-basin combine to amplify the overestimation

of TSWA due

to lower

runoff/precipitation ratios when rainfall rate is underestimated. Indeed, analysis of
model results reveals that the positive trend in TWSA over the 2002-2012 decade can be
explained by changes in the spatial patterns of rainfall from the north-northeast sectors
of the UZRB headwaters to the west sub-basin on the Angola High Plateau, which
functions as a major recharge area to the underlying aquifer. A question of interest that
remains unanswered is whether these changes reflect natural inter-annual variability in
the position of the Congo Air Boundary that controls the storm tracks over the AHP
alone, or the result of ongoing climate change.
Finally, the studies presented here show that parsimonious physically-based
hydrologic models such as the DCHM can capture the emergent rainfall-runoff and
water storage behavior over a wide range of watershed scales and climates in regions of
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complex terrain without calibration. We propose that the success of the model results
from both a combination of appropriate physical parameterizations and numerical
formulation on the one hand, and situational intelligence, that is the data support
(ground-based and satellite-based), that enables implementing the model by
representing the physical properties of the river basin (hydrogeology, soils and
ecosystems) realistically at the scale of model implementation on the other. This does
not mean that the full range of multi-scale hydrologic processes is represented, rather
that the hydrologic processes governing rainfall-runoff response as well as water storage,
which is to say the water balance at the scales resolved by the model’s intrinsic scale (>
4-5 ∆s, where s is grid resolution), are represented well here. For this we rely on the
fundamental understanding of Physical Hydrology from the hillslope to the macroscale
over the last 100+ years. The practical implication is that a model such as the DCHM
with good data support and with or without DAS can be used for routine regional scale
monitoring of precipitation-induced natural hazards and water availability. Challenges
to the scientific and operational use of the model remain however, first in terms of
physical representation of processes at small scales (Band et al., 2014) as well as surface
and subsurface transboundary processes and land-atmosphere interactions in
mountainous regions (e.g. Barros, 2013), and second in terms of model implementation
including the relationship between the density and information content of the existing
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data support including uncertainty (observations and physical parameters), the model
physics and the model implementation scale, that is model complexity and scalability.
The latter are discussed next.

7.2

Discussion
a) Model Complexity, Data Support and Scalability
The physical parameterizations used in the DCHM encapsulate the classical

understanding of hydrologic processes including multi-physics, thresholds, and
hysteretic behavior that are the basis of multiscale nonlinear behavior. In addition,
realistic implementation of the model requires the representation of spatial
heterogeneity, multiple boundaries and singularities (geology, soils, ecosystems, landuse and land-cover, etc.) which further compound complexity, nonlinearity and
multiscale interactions. In regions where data support is comprehensive, the limiting
scales are the scales at which there is confidence in model parameters and observations
(see Chapter 3, 4 and 5 for the SAM). Upon discretization, in data–poor regions such as
Southern Africa, a compromise must be struck between the model resolution that is
necessary to resolve the numerical (algebraic) approximations of the flow equations on
the complex topography of the AHP highlands and the adjacent floodplains, and the
scale at which critical data such as rainfall forcing are available (~25 km).
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Here, we

benefited from previous work with an earlier version of the model (Yildiz and Barros,
2005, 2007, and 2009) and computational limitations given the massive size of the UZRB,
to implement the model at 5 km (see also discussion of model transferability in Chapter
2, Section 2.1.5.2).
The critical question with regard to model scalability is not, however, whether
scales must be recognized in linking model discretization to model parameters, but
rather whether the key model physics are robust enough so that the interpretation of the
emergent hydrologic behavior does not change and therefore cause-effect relationships
are general. Yildiz and Barros (2005, 2007, and 2009) showed that for small basins in the
steep slopes of the Western Appalachians the relationships between basin-scale
evapotranspiration and precipitation (i.e. E/P), as well as runoff and precipitation (i.e.
R/P) did not change with scale, but the relative contributions of interflow and near
surface runoff to streamflow changed significantly between 1 km and 5 km resolution
because of the artificial flattening of topography, and consequently the subsurface
hydraulic pressure gradients at 5 km. To investigate the model behavior at scales below
1 km, we present here results for selected events upscaling the model from 250 m to 1
km resolution.

Specifically, simulation results for the WFPRB with the DCHM at

1km×1km spatial resolution and hourly temporal resolution for Tropical Storm Fay
(same event as in Chapter 3) and a winter storm (same event as in Chapter 4) are shown
315

in Figure 2-6 using various rainfall forcings (bi-linearly interpolated StageIV data
(StageIV_Bi) and the means of two 50-member ensembles of fractally downscaled
StageIV products (StageIV_FF and StageIV_TF, please see (Nogeuira and Barros, 2014
and 2015) for details). The only differences between the simulations at 1 km resolution
and those in Chapters 3 and 4 at 250 m resolution are in the initial soil moisture
conditions.

As can be seen from Figure 2-6, the streamflow simulations with the

fractally downscaled rainfall show very good agreement with observations in terms of
both peak values and peak times, as is also the case in Chapter 3 and 4 at much finer
resolution (250m). This substantiates the earlier discussion above and in Chapter 2
regarding the model’s ability to capture the relevant processes at a given resolution
when the data available supports realistic representation of the physical environment
that is model fidelity.
Recently, large differences among simulations at different resolution have been
reported using different models (e.g. Niu et al., 2014). Setting differences in model
formulation aside, model implementation plays an important role in model fidelity (no
calibration) and scalability. For instance, Niu et al. (2014) used the same soil thickness in
the implementation of the model at different spatial resolutions.

As discussed in

Chapter 2, Sections 2.1.4 and 2.1.5, the soil thickness in the DCHM is calculated from
elevation and slope (Tao and Barros, 2014). Thus, it self-adjusts given that the elevation
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and slope at each pixel will be totally different at different spatial resolutions.
Consequently, the subsurface flow will not be affected strongly as long as the envelope
topographic gradients are preserved because the flow cross sectional area calculated
from soil thickness is self-adjusted already.

Indeed, from the mass conservation

perspective, the flow response should not change much, especially at event scale, given
the same rainfall system and that the evapotranspiration should be very similar.

Figure 7-1: Examples of streamflow simulations in the WFPRB at 1km×1km spatial
resolution and hourly temporal resolution for (a) a summer event (Tropical Storm
Fay) in 2008 which caused flash floods in the basin and (b) a winter storm in 2009
which caused landslides in the region.
317

b) Data assimilation implementation
- Rainfall perturbation strategy
In Chapter 5, the uncertainties associated with QPEs were directly drawn from
the linear regression models used for improving the QPE accuracy, which are derived
from comparisons with raingauge observations.

When there are no raingauge

observations, the selection of an appropriate perturbation method to QPE/QPF is of
particular importance to correctly characterize the rainfall uncertainty. The Schaake
Shuffle, a reordering methodology that is able to generate rainfall and temperature
ensembles with spatial covariability and temporal persistence based on historical
records, and thus can recover the space–time variability in the forecasting fields (Clark
et al., 2004), is an attractive alternative tool for perturbing forcing fields. Based on the
Schaake Shuffle approach, a stochastic technique was developed assuming a bivariate
probability distribution between the observed precipitation and the single-valued QPF
(Schaake et al., 2007a), and has been used to generate precipitation ensemble forecasts
for hydrologic ensemble prediction at RFCs as described in ((Wu et al., 2011) .
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- Dual rainfall forcing and states correction
The HDAS described in Chapter 5 only corrects modeled soil moisture states.
However, soil moisture states are not the only source of uncertainties and errors. The
dominant uncertainty source is still in the rainfall forcing. It is possible to assimilate
more discharge observations from upstream to downstream and implement a dual biascorrection approach to reduce uncertainty both in rainfall forcing and state background
estimations, as described in Chen et al. (2014).

- Inverse problem
Recently, an inversing routing methodology was developed to reproduce the
spatial field of runoff with temporal dynamics using fixed interval smoothing (Pan and
Wood, 2013).

This novel method provides another way to implement the data

assimilation scheme, i.e. assimilating the derived spatial runoff to correct the soil
moisture states. This approach reduces the number of degrees of freedom in the DAS
and provides a pathway to distribute discharge information. Further research is
necessary to investigate the performance of this methodology in medium and smallscale basins.
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7.3

Future Work
One aspect of model transferability that has not yet been discussed is the

interface between the channel hydraulic processes in the river network proper and the
hydrologic processes in the floodplain and hillslopes, which has implications for
wetland hydrology in meandering rivers, and recharge and discharge to and from the
adjacent aquifer. We are planning to implement a stochastic framework to investigate
the impacts of river network locations relative to the channel pixels on streamflow
simulations, and to quantitatively understand the uncertainty associated with the river
location implementation especially for the UZRB. Furthermore, in addition to
addressing the limitations laid out in Chapter 6, the direct prediction of inundation area
(now ingested near real-time from MODIS) will be investigated further. This requires
defining depth-area relationships that cannot be obtained or validated currently without
major field work efforts and/or aircraft LiDAR, although this may change with the
upcoming SWOT (Surface Water and Ocean Topography).
Alternative data assimilation implementation strategies, as discussed in the
previous section, will be tested to improve the capacity of the current HDAS. The
application of the current HDAS in the IPHEx-IOP demonstrates that combining
ground-based observations with hydrological models fosters a promising solution to
reduce uncertainty and errors in hydrological simulations through data assimilation.
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Indeed, there is an opportunity to investigate hydrological processes and to develop a
quantitative understanding of the regional water cycle using data assimilation
techniques to optimally merge various (ground-based and satellite-based) observations
and hydrological models, which is critical for water resource management in poorlygauged regions (e.g. southern Africa). Besides GRACE TWSA data, satellite-based soil
moisture products can also be incorporated to constrain soil moisture updates in the top
layer especially in regions of low to moderate vegetation cover and smooth topography.
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APPENDIX: Kinematic and Diffusive Wave Equation
Flood wave propagation is described by the Saint-Venant equations including
the continuity equation (AP.1) and the momentum equation (AP.2):
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where Q is flow rate (L3/T), A is the cross-sectional area (L2), I£ is the lateral flow per
unit length (L2/T),

…

is bed slope (L/L), [ is acceleration of

is friction slope (L/L),

gravity (L/T2), t is time (T), and x is distance along the flow direction(L).
The corresponding non-conservation forms are equation (AP.3) and (AP.4) in
which the water velocity is a dependent variable:
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where Z is water velocity (L/T), ° is water depth (L), “£ is the lateral flow per unit area
(L/T).
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The 1st term in (AP.2) and (AP.4) is the local acceleration term, the 2nd term is the
convective acceleration term, the 3rd term is the pressure force term, the 4th term is the
gravity force term and the last one is the friction force term. The 1st and 2nd terms account
for the inertial forces. The Saint-Venant equations are highly nonlinear, and the fully
analytical solution is difficult to obtain. The fully numerical solution to the Saint-Venant
equations is the so-called dynamic wave equations for unsteady and non-uniform flow,
is the most complex solution encompassing all of the effects represented in the
momentum equation. With some assumptions as described below, kinematic and
diffusive wave are two practical approximations that are widely used in hydrological
modeling, describing steady uniform flow, and steady non-uniform flow, respectively.

a) Kinematic Wave Equation
Kinematic wave assumes that the inertial term (the 1st and 2nd term in equation
(AP.2)) and pressure forces (the 3rd term in equation (AP.2)) are not important, thus
equation (AP.2) turns to,
−

…

=0

(AP.5)

which means the friction and gravity force balance each other. Then, a ‘discharge – flow
area’ (for channel flow, or ‘unit width discharge – flow depth’ for overland flow) rating
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form (e.g. Manning’s equation) can be used to describe the steady and uniform flow,
expressed as,
= !fð

(AP.6)

Differentiating (AP.6) with respect to t,
f

= !¥fð•-

(AP.7)

Then,
f

=

1
Q
!¥fð•-

Y

(AP.8)

Substituting (AP.8) into (AP.1) and rearranging,
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From equation (AP.6), we have,
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Substituting (AP.10) into (AP.9) and rearranging, equation (AP.9) becomes,
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Flood wave celerity is defined as c = ñç = !¥fð•- = ¥ ç = ¥Z, thus,
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Equation (AP.12) is the so-called kinematic flow equation. When applied to
channel flow, equation (AP.6) should account for the specific channel geometry, and the
lateral flow I£ in equation (AP.12) is the inflow (per unit length) from upland including
overland flow, interflow and baseflow. When applied to overland flow, equation (AP.6)
essentially is a rating relationship between unit-width discharge and flow depth (i.e.
cross-sectional area only depends on depth assuming overland flow is a thin sheet flow),
and the lateral flow I£ is the inflow (per unit length) contributed from rainfall (e.g.
rainfall intensity subtracted by infiltration rate).

b) Diffusive Wave Equation
Diffusion wave assumes that the inertial term (1st and 2nd) is not important, but
does incorporate the pressure force term, thus equation (AP.2) becomes,
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It can be seen that diffusion wave is the approximation for steady and nonuniform flow.

One can obtain the diffusion wave equation by incorporating the

momentum equation (AP.13) (Ponce, 1989),
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is the hydraulic diffusivity[L2/T]. For channel flow W is the top

width of the channel, while for overland flow W is the grid resolution. Again as
described for Kinematic wave equation, the lateral flow I£ means different components
in different applications (channel flow or overland flow).

.
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