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Abstract Long-term rainfall data are crucial for flood
simulations and forecasting in karst regions. However, in
karst areas, there is often a lack of suitable precipitation
data available to build distributed hydrological models to
forecast karst floods. Quantitative precipitation forecasts
(QPFs) and estimates (QPEs) could provide rational
methods to acquire the available precipitation data for
karst areas. Furthermore, coupling a physically based
hydrological model with QPFs and QPEs could greatly
enhance the performance and extend the lead time of flood
forecasting in karst areas. This study served two main
purposes. One purpose was to compare the performance of
the Weather Research and Forecasting (WRF) QPFs with
that of the Precipitation Estimations through Remotely
Sensed Information based on the Artificial Neural Net-
work-Cloud Classification System (PERSIANN-CCS)
QPEs in rainfall forecasting in karst river basins. The
other purpose was to test the feasibility and effective
application of karst flood simulation and forecasting by
coupling the WRF and PERSIANN models with the Karst-
Liuxihe model. The rainfall forecasting results showed that
the precipitation distributions of the 2 weather models were
very similar to the observed rainfall results. However, the
precipitation amounts forecasted by WRF QPF were larger
than those measured by the rain gauges, while the
quantities forecasted by the PERSIANN-CCS QPEs were
smaller. A postprocessing algorithm was proposed in this
paper to correct the rainfall estimates produced by the two
weather models. The flood simulations achieved based on
the postprocessed WRF QPF and PERSIANN-CCS QPEs
coupled with the Karst-Liuxihe model were much

Received November 17, 2020; accepted May 26, 2021

E-mail: 445776649@qq.com

improved over previous results. In particular, coupling
the postprocessed WRF QPF with the Karst-Liuxihe model
could greatly extend the lead time of flood forecasting, and
a maximum lead time of 96 h is adequate for flood
warnings and emergency responses, which is extremely
important in flood simulations and forecasting.

Keywords WRF QPF, PERSIANN-CCS QPEs, the
Karst-Liuxihe model, flood simulation and forecasting,
karst river basin

1 Introduction

In karst areas, the general lack of long-term weather data,
especially precipitation data, is a great challenge in the
simulation and forecasting of flood events based on
hydrological models (Li et al., 2019). Especially in the
upstream areas of basins, which comprise mountains and
valleys with complex topographies, it is difficult to set up
rain gauges to effectively obtain rainfall data. Taking the
study area in this paper as an example, i.e., the Liujiang
karst basin in south China, the drainage area is 5.8 X
10* km?. However, there are only 66 rain gauges. On
average, there is only approximately 1 rain gauge per 1000
km?, and the representativeness is too weak to reflect the
actual rainfall that occurs in the basin. Under these
circumstances, effective precipitation results could poten-
tially be acquired by using numerical weather models in
karst river basins. Quantitative precipitation forecasts and
estimates (QPFs and QPEs, respectively) may enable
precipitation data in karst river basins to be easily obtained
(Liet al., 2017, 2019).

In recent years, numerical weather prediction models
have become increasingly mature with the considerable
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progress of 3S (remote sensing (RS), geographic informa-
tion system (GIS), and global positioning system (GPS))
technologies and can provide a global range of rainfall
forecasting products with high precision. The current
mainstream numerical weather models include the Euro-
pean Centre Weather Forecasts model (Molteni et al.,
1996), the Japan Meteorological Agency meteorological
model (Takenaka et al., 2011), the QPEs by weather radars
(Delrieu et al., 2014; Rafieei et al., 2014; Faure et al.,
2015), WRF QPF (Skamarock et al., 2008; Zaripov et al.,
2016; Yafniezmorroni et al., 2018), satellite QPEs (Bartsotas
et al., 2017; Wardhana et al., 2017), and others. Among
these weather models, WRF QPF and PERSIANN-CCS
QPEs may be most effective for acquiring precipitation
results in karst basins (Soroosh et al., 2000; Yang et al.,
2004, 2007; Skamarock et al., 2008).

Studies of the WRF model in karst areas usually focus
on precision and uncertainty analysis of the model in
predicting rainfall. Among these studies, many focus on
the uncertainty analysis of WRF model parameters for
different karst landforms. Leeper et al. (2011) studied the
outputs of WRF model parameter scheme adjustment on
the rainfall forecast results in karst areas, especially the
influence of the karst landscape on the parameter scheme.
Johnson (2014) studied the influence of karst landscapes
on weather systems based on the WRF model, for which
the response processes of the model to different land use
patterns and soil types were calculated. Johnson et al.
(2017) assessed the uncertainty of the WRF model
corresponding to land use changes and different soil
conditions. Lahmers (2017) improved the structure of the
WRF-Hydro Hydrologic Model so that it could be used to
simulate hydrological processes in semiarid areas. In karst
areas, the current WRF QPF model can provide rainfall
forecast results with a long lead time (Li et al., 2015; Li
et al., 2017). The lead time of the QPF produced by the
latest WRF model is 1-15 days (Ahlgrimm et al., 2016).
Therefore, coupling hydrological models with WRF QPFs
for flood warning and forecasting in karst areas can greatly
extend the lead time (Zappa et al., 2010), which is very
important for flood warnings and mitigation because more
time is provided for flood emergency responses (Tingsan-
chali, 2012). However, the current mainstream WRF QPF
models can only guarantee satisfactory rainfall prediction
accuracy within the forecast period of 24 h (Leeper et al.,
2011; Johnson, 2014; Li et al., 2017, 2019). In this study,
the maximum lead time of the WRF QPF is 96 h. This is
the equivalent of'a 96 h forecast period of flood forecasting
in karst basins, which is very important for the safe
evacuation of people and property before floods and is the
greatest factor of concern for decision makers in flood
forecasting.

PERSIANN-CCS is a QPE technology produced by
weather satellites that can estimate long-term and high-
resolution rainfall data (Yang et al., 2004, 2007). In current
QPE technology research, many studies have been

conducted on the PERSIANN prototype system (Hsu
et al., 1999; Soroosh et al., 2000; Yang et al., 2007; Hsu
et al., 2008) and its subsystem, the PERSIANN-Climate
Data Record (CDR) (Higgins et al., 2007; Mekonnen and
Hossain, 2010; Hu et al., 2013; Nguyen et al., 2017).
However, only a few studies coupling PERSIANN-Cloud
Classification System (CCS) QPEs with a distributed
hydrological model in karst areas have been conducted
(Stenz, 2014; Li et al., 2019).

Some studies have been performed on coupling the
PERSIANN prototype system with a distributed hydro-
logical model. For instance, Bitew and Gebremichael
(2011) studied the coupling outputs of the PERSIANN
model with the MIKE SHE hydrologic model in a
medium-sized (1656 km?) mountainous watershed in the
Ethiopian highlands and evaluated satellite rainfall pro-
ducts. Gebregiorgis and Hossain (2013) assessed the
uncertainty of PERSIANN satellite rainfall results and
reported that rainfall estimations by the PERSIANN
system provide meaningful guidance for improving
algorithms to advance hydrologic prediction. In their
study, the uncertainties of three satellite rainfall products
were explored for five regions of the Mississippi River
basin. The results showed that satellite rainfall uncertainty
was dependent more on topography than on the climate of
the region. The terrain in karst areas is usually highly
complicated, so there may be some deviation in satellite
rainfall estimations by the PERSIANN system. Therefore,
this paper intended to test the feasibility of PERSIANN-
CCS QPEs by applying them in karst areas.

A distributed hydrological model, as a physics-mathe-
matics computational tool, is an important method used to
accurately simulate and forecast flood events in karst
basins (Shuster and White, 1971; Ford and Williams, 1989;
White, 2002, 2007; Scanlon et al., 2003). Precipitation, as
the input data for hydrological models, could be the driving
factor in flood forecasting (Li et al., 2017). Coupling a
distributed hydrological model withn WRF QPF and
PERSTANN-CCS QPEs has great capacity and prospects
for flood simulations and forecasting in karst areas. The
entire karst basin can be divided into many grid units
known as karst subbasins by digital elevation model
(DEM) data in distributed models (Kovacs and Perrochet,
2011; Chapuis et al., 2020), and the actual karst
development characteristics and rainfall-runoff processes
can be precisely reflected by coupling high-resolution grid
rainfall with WRF QPF and PERSIANN-CCS QPEs.

In this study, a new generation of physically based
distributed hydrological models for watershed flood
simulation and forecasting, i.e., the Karst-Liuxihe model
(Li et al., 2019), was employed to couple WRF QPF and
PERSIANN-CCS QPEs for application in karst areas. The
Karst-Liuxihe model was improved by adding the karst
mechanism based on the Liuxihe model prototype (Chen,
2009, 2018; Chen et al., 2015, 2016, 2017). The under-
ground structure of the Liuxihe model was an integral
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structure with only 1 layer (Fan et al., 2012; Chen et al.,
2016; Li et al., 2017). The linear reservoir method was
used to calculate the confluence of underground runoff
(Chen et al., 2015; Hui et al., 2015; Li et al., 2017, 2019),
which was not suitable for multilayer and nonlinear karst
groundwater confluences. Therefore, Li et al. (2019)
improved the structure and function of the original Liuxihe
model. In particular, the calculation module of subsurface
runoff confluence was redesigned, and the calculation of
water transport and transformation in the key karst zone
was added, which made the Karst-Liuxihe model suitable
for flood simulation and forecasting in karst areas.

It should be pointed out that the previous application of
this Karst-Liuxihe model in karst areas was based on
rainfall data observed by rain gauges, and it was not clear
whether it was suitable for coupling with numerical
weather models in karst basins. The coupling of weather
models and hydrological models will inevitably lead to the
problem of superposition of system errors, resulting in the
uncertainty of the final simulation results. In the present
study, a sensitivity analysis was conducted for the
parameters of the coupled model, i.e., coupling WRF
QPF and PERSIANN-CCS QPEs with the Karst-Liuxihe
model, to determine the sensitivity of each parameter in
flood simulations. This study focused on 1) whether this
coupled model was applicable to karst areas and 2) how to
revise the rainfall results produced by the two weather
models. A postprocessing algorithm was proposed to
correct the WRF QPF and PERSIANN-CCS QPE results
in karst areas, which could reduce rainfall uncertainties and
make the results easier to understand and more credible.

2 Study area and data set
2.1 Study area

The Liujiang karst river basin, the most developed karst
basin in southwest China, is selected as the study area
(23.9°N-24.5°N, 108.9°E—-109.7°E). The basin area is
approximately 5.78 x 10* km? The average annual
precipitation is 1400—1700 mm. The flood season is from
May to September, and the flood volume can account for
80% of the total runoff. In the upper reaches, most of the
landforms were deep-cut V-shaped canyons, except in the
headwaters. The elevation of these canyons is usually
greater than 1000 m, with relative heights of 500-700 m.
In these canyons, the runoff responds quickly to rainfall,
and the area is prone to regional flood disasters. Figure 1
shows a sketch map of the study area.

The upstream area of the basin is located in the southern
part of the ancient Palacocaledonian fold belt and in the
south-eastern edge of the southwest China depositional
area, where a large area of sedimentary rock is distributed.
The outcrop strata in the basin are ancient and intact and
mainly include Sinian, Cambrian, Silurian, Ordovician,

Upper Devonian, Lower Carboniferous, Upper Permian,
Lower Triassic, Palacogene, Quaternary Pleistocene and
Holocene strata.

After a long karst landform evolutionary process, karst
development in the basin is now very mature. At first, there
were mainly small karst doline funnels in the basin. Then,
the landform evolved into a peak cluster depression
(Fig. 2) as carbonate rocks continued to be eroded by
karst water as well as the fluviraption of allogeneic water,
especially from the Liujiang River. Under these interior
erosional outputs and exterior fluviraption for many years,
the geomorphological evolution matured, i.e., the peak
cluster depressions evolved into peak forests (Williams,
1978), especially in the downstream area.

In the 1990s, the frequency and intensity of rainstorms
and flood disasters increased with the increase in extreme
weather in the study area (Li et al., 2017). The north-
eastern and western areas of the basin are the main flood
sources, and this is the area where the most developed karst
is located. In particular, karst conduits are well developed
in underground aquifers (Li et al., 2019). The karst features
can significantly affect the hydrologic process, especially
during the rainfall-runoff process in the model. It is highly
challenging to accurately simulate karst water cycle rules
and to forecast flood changing trends.

2.2 Rainfall, flood and property data

In the study area, the flood characteristics are closely
related to rainstorms, the watershed topography and the
karst landforms. Larger floods are mostly multipeak
processes, and the most intense flooding lasts only a
short period of time, i.e., the flood peak occurs quickly and
recedes quickly, which usually causes considerable
damage. According to the tracing test conducted in the
study area, the flood flow rate is approximately 43.2—
129.6 km/d during the flood period. The extreme flow rate
can reach 172.8 km/d, which indicates that the karst
conduit is well developed underground. Karst features can
significantly affect the flood process, especially during the
rainfall-runoff process.

In the study area, there are a total of 66 rain gauges and
156 grid points for WRF QPF and 131 grid points for
PERSIANN-CCS QPEs (as shown in Fig. 1(a)). The
rainfall outputs from these 3 sources, i.e., observed rainfall
by rain gauges, WRF QPF and PERSIANN-CCS QPEs,
were input into the Karst-Liuxihe model for flood
simulations. Simulation results based on the coupled
model were investigated to evaluate the performance of
the coupled model. In total, 20 flood events (from June,
1994 to June, 2013) that occurred in the study area were
simulated. Among these floods, the first four were used to
calibrate the model parameters, and the remaining floods
were used to validate the model outputs. Key input data to
the coupled model include DEM data (Fig. 1(b)), land use
(Fig. 1(c)) types, and soil types (Fig. 1(d)). These property
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Fig. 1 Sketch image of the Liujiang watershed. (a) Gauge distribution (modified from Yang et al., 2008); (b) the DEM image; (c) land
use types; (d) soil types.
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Fig. 2 The karst landform evolution of the Liujiang Basin
(modified from Zheng and Lan, 2019).

data can be downloaded easily from the internet without
cost (the names of websites are provided at the end of this
article). It should be noted that the spatial resolution of
these original DEM, land use, and soil type data must be
consistent with the resolution of the two weather models in
this study. The original resolutions of the DEM, land use,
and soil type data were 90 m x 90 m, 1000 m x 1000 m,
and 1000 m x 1000 m, respectively. The data sets were
resampled to 200 m x 200 m to match the resolution of
the two weather models used in this study.

3 Methods
3.1 WRF QPF

The WRF QPF used in this study was the WRF Advanced
Research model version 3.4 (Skamarock et al., 2008),
which is a 3-dimensional and nonhydrostatic system that
can effectively forecast complex weather changes on the
cloud scale and synoptic scale. This model is especially
precise at horizontal resolutions of 1-10 km, which can
satisfy the practical application requirements of rainfall
forecasting in this study. WRF QPF was applied in this
study using the following configurations. 1) The domain of
the WRF QPF model was set at 24°N and 109°E, as the
location of the basin is 23.9°N-24.5°N, 108.9°E—-109.7°E.
2) The vertical structure of the model included 28 levels
with the Lambert conformal projection (Li et al., 2015).
3) The initial temporal and spatial resolutions were 3 h and
0.5°, respectively, at horizontal resolution. Following
downscaling, the temporal and spatial resolutions were
1 h and 200 m x 200 m, respectively. The downscaling
method was calculated in ArcGIS 10.2 using the statistical
scale relationship between the DEM data and the weather
model (Fan et al., 2017). 4) The entire basin was covered
by 156 grid gauges based on the WRF QPF. Rainfall
forecasting was produced with a lead time of 96 h (the
results of other lead times, such as 24, 48, and 72 h, were
also calculated (Li et al., 2017)). 5) The WRF QPF results

were evaluated and revised by comparison to the rainfall
data from the rain gauges.

The WRF QPF parameters were set according to the
following configurations. 1) The single-moment, 3-class
microphysics parameterization was used in this study
(Hong and Lim, 2006). 2) The Yonsei University (YSU)
planetary boundary layer scheme and the Kain-Fritsch
cumulus parameterization (Kain, 2004) were adopted to
optimize the cumulus parameters. 3) Other physics
schemes for the model parameters used in this paper
included the Goddard scheme (Chou and Suarez, 1994),
rapid radiative transfer model (Mlawer et al., 1997) and
NOAH scheme (Ek et al., 2003). More details on the WRF
QPF model and its parameter settings can be found in the
research results of previous studies (Li et al., 2015; Li
et al., 2017).

3.2 PERSIANN-CCS QPEs

The PERSIANN-CCS QPEs (Yang et al., 2004, 2007),
which were developed based on the PERSIANN prototype
system (Hsu et al., 1999), are a next-generation rainfall
estimation system based on geostationary satellites that use
computer imaging technology and pattern recognition
technology. The PERSIANN-CCS QPE system was based
on geostationary infrared imagery and daytime visible
imagery (Soroosh et al., 2000). The system is automated
for estimating precipitation through the use of satellite
remote sensing technology. The parameters of the
PERSIANN system can be optimized efficiently by a
self-adaptive artificial neural network (Yang et al., 2007).

The model setup, parameter optimization and rainfall
estimation procedures of the PERSIANN-CCS (Li et al.,
2017) can be found in operating manuals and user guides
(available at CHRS website). In fact, in practical applica-
tions, there is no need to build the PERSIANN-CCS QPE
model to estimate rainfall results in a given study area.
Worldwide products of QPEs based on the PERSIANN-
CCS, including the rainfall results in this paper, can be
downloaded without cost from CICS website. Therefore,
rainfall data from the PERSIANN-CCS QPEs can be
obtained expediently in karst areas, where rain gauges are
usually lacking.

The specific operational steps for the PERSIANN-CCS
QPEs in this study area were as follows. 1) The time and
scope of the study area, i.e., the rainfall occurrence and end
time, as well as the location according to the longitude and
latitude, were determined. 2) The estimated precipitation
data produced by the PERSIANN-CCS were downloaded.
3) The products of the PERSIANN-CCS QPEs were
analyzed and appraised by comparison to the rainfall
observed by rain gauges. 4) The PERSIANN-CCS QPE
products were revised using appropriate methods.

The PERSIANN-CCS QPE products can generate
precipitation data at a time interval of 30 min and a spatial
resolution of 0.04° x 0.04° (Yang et al., 2007). The spatial
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resolution was upscaled to 200 m x 200 m using a
downscaling method (Fan et al., 2017) to suit the
resolution of the Karst-Liuxihe model in this paper. The
time interval was changed to 1 h.

3.3 Postprocessing of the 2 weather models

It should be noted that a certain degree of uncertainty
remains, and it cannot be neglected in the model
application of WRF QPF and PERSIANN-CCS QPEs.
This uncertainty is mainly associated with the systematic
errors of the model itself (Moradkhani et al., 2006;
Bartsotas et al., 2017), which result in poor precision of
the rainfall results (Goudenhoofdt and Delobbe, 2009; Kai
et al., 2014; Wardhana et al., 2017). The rain gauge
precipitation can directly reflect the actual rainfall situation
in the basin, which is the reason why the rain gauge
precipitation taken as the true value was used to calibrate
the 2 weather models in this paper.

To make the quantitative values of the rainfall results
from the WRF QPF and PERSIANN-CCS QPE:s closer to
those of the precipitation observed by the adjacent rain
gauges, which would make the forecasting rainfall results
more credible, the precipitation products produced by the 2
weather models were revised using the adjacent rain gauge
precipitation that was considered the true precipitation of
the basin. The postprocessing procedures of the 2
precipitation products were as follows.

1. The average values of the WRF QPF and
PERSIANN-CCS QPEs were calculated according to the
following equation:

N
> P
i=1

PyRE/PERSIANN-CCS = ZITN’ (1)

where Pygp /PERSIANN-ccs 1ndicates the average values of
the precipitation results based on the WRF QPF and
PERSIANN-CCS QPEs, mm; P; is the precipitation of the
2 weather models at grid gauge i, mm; F; is the watershed
area of grid gauge i, mm?; 4 is the basin area, mm?; and N
is the number of grid gauges.

2. The average values of the observed precipitation
based on rain gauges were determined by the following
equation:

P2: > (2)

where P, is the average value of the rain gauge
precipitation, mm; M is the number of rain gauges; and
P; is the average value of the precipitation observed by the
Jj rain gauge, mm.

3. Average values of the rain gauge precipitation were

adopted to correct the WRF QPF and PERSIANN-CCS
QPEs using the following equation:
! F
P i = P i X = 2 s (3)
WRF/PERSIANN-CCS

where P; is the quantitative value of the precipitation
according to the WRF QPF and PERSIANN-CCS QPEs
after revision at grid gauge i/, mm, and P; indicates the
precipitation values of the 2 weather models at grid gauge
i, mm.

This postprocessing method made the rainfall results
based on the PERSIANN-CCS QPEs and WRF QPF closer
to the observed rainfall results produced by rain gauges,
which can largely reduce the systematic errors of the
weather models (Li et al., 2019). After postprocessing, the
precipitation products based on the 2 weather models were
fed into the Karst-Liuxihe model to validate the feasibility
of this postprocessing method in karst flood event
simulation and forecasting in the study area.

3.4 The Karst-Liuxihe model

The Liuxihe model, a terrestrial hydrological model, was
proposed by Chen (2009) and has achieved many reason-
able research results in forecasting surface rivers (Chen,
2009, 2018; Chen et al., 2016, 2017; Li et al., 2017, 2019).
However, this model may not be applicable to the study of
karst hydrology simulations. The main reasons are as
follows: 1) in the model structure design, the Liuxihe
model was intended to treat the underground layer as a
whole (Li et al., 2017, 2019), and the calculation of the
underground water-bearing system was not further strati-
fied. However, karst water-bearing systems have a
complex, multilevel, and anisotropic spatial structure.
Therefore, this model is not applicable to karst areas in
terms of structural mechanisms. 2) In terms of the model
algorithm, the groundwater runoff confluence of the
Liuxihe model runoff adopted a linear reservoir method
(Chen et al., 2016), which did not consider the behavior of
water transport and transformation in the complex and
nonlinear karst water-bearing medium.

To be suitable for karst hydrology simulation, the
structure of the Liuxihe model should be improved to
effectively adapt to the complex karst hydrogeological
conditions, which involves adding the karst mechanism to
the model. Li et al. (2019) developed the Karst-Liuxihe
model by improving the model structure and algorithm
based on the prototype of the Liuxihe model, which made
the improved Karst-Liuxihe model suitable to simulate
flood events in karst areas. The processes of improving the
structure for the original Liuxihe model and developing the
Karst-Liuxihe model are summarized as follows (Li et al.,
2019): 1) simplifying the karst water-bearing media in the
model; 2) refining the smallest calculation unit of the karst
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basin; 3) improving the calculation of water movement
rules in karst aquifers; and 4) adding some necessary
hydrogeological parameters to the model.

The Karst-Liuxihe model generated good results in
several karst basins, which indicated that it was suitable in
karst basins (Li et al., 2019, 2020, 2021). Therefore, this
Karst-Liuxihe model was adopted to simulate and forecast
karst flood events in this study.

4 Coupled model setup
4.1 Model initial condition setting

Initial conditions need to be set before the model can
simulate floods, such as depression detention and soil
moisture before flooding. When the Karst-Liuxihe model
was applied in karst areas, we focused on the output of pits
(sinks) in karst topography, such as depressions, on the
flood propagation process. This emphasis had a great
influence on the flood forecast results.

In general, there are many pits in karst areas, some of
which are false pits. The existence of false pits is due to
incorrect data and systematic errors of the DEM itself.
These false pits need to be reasonably filled before building
the coupled model. Because there are karst depressions and
sinkholes in karst areas, which cause true pits to exist, the
model retained these true pits, including depressions and
sinkholes. These true pits in the study area play an
important role in the flood routing process. Due to the
detention output and peak clipping in karst depressions, the
hydrological process is delayed, especially the flood peak
flow (Li et al., 2019). Before building the model, whether
there exists a detention output or peak clipping in the karst
depressions and sinkholes in the study area is a key factor.
If so, the storage capacity and size of these pits can be
determined by a field survey during floods. The capacity
can be deduced according to the water level, and the
amounts of flood detention near the pits must be
considered in the water balance calculation in the model.
This information can improve the accuracy of the model in
karst flood event simulation and forecasting.

The specific calculation steps to determine whether there
is a flood detention output or peak clipping were as
follows.

First, the limit discharge capacity of the underground
river entrance in the study area, i.e., Onax, Was deduced
through a field investigation and monitoring.

Then, the water inflow from the entrance of the
underground river, i.e., O;,, could be calculated using the
coupled model. The relationship between Q;, and Q.x
was compared to determine whether the flood detention
phenomenon was generated.

If Oin> Omax, the flood detention phenomenon was
generated, and then the flow of the underground river
outlet, Oyt = Omax, Was generated. The water storage of

the flood detention from the entrance of the underground
river, O, was as follows:

Os = Oq1 + OinOmaxo 4)

where Q; is the water storage of the flood detention during
this period, m*-s™'; O, is the water storage of the flood
detention from the preceding time period, m*-s™'; and if
there is no flood detention, Qg; = 0.

If QinSQmax and Qsl = O, then

Oout = Oin- %)
If QinSQmaxa Qsl >0 and Qin + Qsl <Qmaxa then
Oout = Oin + Os1- (6)

Otherwise, if Oin < Omax> Os1 > 0 and O, + Og1 > Oraxs
then

Oout = Omax- (7

For the model setup, the initial values for some
parameters need to be determined. For instance, the initial
soil moisture was set to [0%, 100%], with 0 indicating
extremely dry soil and 100 indicating saturated soil water
content. After running the model calculations 100 times,
the appropriate initial water content of the soil was
determined according to the outputs of flood simulations.
Based on the 20 flood simulation tests by the Karst-Liuxihe
model in this study area, the initial soil moisture was
usually 50%-80% of the saturated soil moisture during
floods. The soil water content before each flood is different
and needs to be determined by trial model calculations. In
multiple successive flood forecasts, the soil moisture
content during the previous flood recession can be used
as the soil moisture at the beginning of the next flood
event; if the time interval between the two floods is long,
the soil moisture content at the beginning of the next flood
needs to be estimated based on the soil moisture after the
last flood and the calculated amount of evapotranspiration
in the basin.

4.2 Parameter optimization

The optimization of hydrological model parameters based
on historical rainfall and flow data in the study area is very
important for subsequent flood simulation and forecasting,
which is equivalent to an essential training process for the
application of hydrological models to describe the local
hydrological cycle (Chen, 2009, 2018). To verify the
necessity of parameter optimization for the coupling
model, the flood simulation outputs by the initial model
parameters and those after parameter optimization were

compared. Table 1 lists the ranges of the initial
hydrogeological parameters and rainfall infiltration
coefficients.

There are 20 parameters in the Karst-Liuxihe model, and
18 require calibration (Li et al., 2019), for which an
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Table 1

(a) Initial parameter value range of the epikarst zone

Initial hydrogeological parameters

Thickness (4)/m  Saturated water content

(Bsa)/(g-cm ) (6)/(mm-h"")

Saturation permeability coefficient

Macro crack volume
ratio (V)/%

Karst fissure
width (wd)/cm

Field capacity
(0f)/mm

2.5-8 0.15-0.3.5 110-400

0.1-10 0.08-0.25 0.26-0.48

(b) The rainfall infiltration coefficient for different karst development characteristics

Karst moderately developed Karst poorly developed

Landforms Karst strongly developed
Closed depression 0.62-0.85
Not closed depression 0.34-0.67
Monadnock, platform 0.25-0.35
Gully, slope 0.01-0.25

0.45-0.65 0.15-0.18
0.32-0.55 0.18-0.28
0.22-0.35 0.20-0.25
0.01-0.24 0.01-0.25

improved particle swarm optimization (PSO) algorithm,
mainly involving improvements to the algorithm para-
meters, was produced to improve the performance and
convergence efficiency (Chen et al.,, 2016). Before
parameter optimization by the improved PSO algorithm,
some initial conditions need to be determined as follows:

1) The number of particles of the improved PSO
algorithm was set to 20, and the maximum number of
iterations was set to 1000.

2) The convergence accuracy of iterative calculations
was 10*.

3) Three parameters were included in the PSO algo-
rithm: the inertia weight @ and the self and group learning
acceleration coefficients C1 and C2, respectively. The
initial value range of inertia weight « was set from 0.1 to
0.9, and the value range of the acceleration coefficient was
set to 1.25 to 2.75 for C1 and 0.5 to 2.5 for C2.

In the study area, 20 floods from 1994 to 2013 were used
to validate the Karst-Liuxihe model performance in karst
flood simulations. Four floods were used for parameter
optimization, and the best flood simulation was adopted for
the final parameter calibration.

4.3 Parameter sensitivity analysis

A multiparameter sensitivity analysis (Choi et al., 1999)
was used to analyze the sensitivity of the coupled model
parameters in this study, for which the Nash—Sutcliffe
coefficient was used as the objective function:

n

> (0:-0/)
NSC=1-EL — (8)
—\2
> (2-9)
=1
where NSC is the value of the objective function, i.e., the
Nash-Sutcliffe coefficient/C; Q; and Q,’ are the observed
and simulated water flows, respectively, m*-s'; O is the

average observed water flow value, m*-s™'; and 7 is the
observed period number, hours.

The steps of parameter sensitivity analysis were as
follows:

1) Initial conditions setup: the initial value range of the
parameter was set to [0.4, 3.2] based on the parameter
properties; the convergence precision was 10 and the
threshold value of the Nash coefficient was set to 80%.

2) Sampling method: the Monte Carlo sampling method
was used to sample the parameter sets, for which 8000 sets
of parameter sequences were obtained.

3) Flood simulations: the above parameter sequences
were input into the Karst-Liuxihe model to simulate the
floods, and the Nash coefficient of each simulation was
recorded.

4) Effect appraisal: the Nash coefficient was compared
with the threshold of 80%. If it was less than 80%, it was an
unacceptable value; otherwise, it was an acceptable value.

5) Parameter sensitivity calculation: the degree of
separation was assessed between acceptable and unaccep-
table values, which represented the sensitivity of each
parameter. This degree of separation (DS-NSC) was
calculated according to Eq. (8).

A flow chart of the parameter sensitivity analysis is
shown in Fig.3.

5 Results
5.1 Precipitation results from WRF and PERSIANN-CCS

There are 156 grid gauges for WRF QPF and 131 grid
gauges for PERSTIANN-CCS QPEs in this study area.
These grid gauges can cover the entire basin (as shown in
Fig. 1(a)) and provide a representative rainfall product. The
WRF QPF model offered rainfall forecasting with a lead
time of 96 h, whereas the rainfall estimation results of
PERSIANN-CCS had no lead time. The hourly precipita-
tion data for 2008, 2009, 2011, 2012, and 2013 from the
products of the 2 weather models were produced,
compared, and revised in this study using the observed
precipitation data from rain gauges. The forecasting,
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Fig. 3 The flow chart of the parameter sensitivity analysis.

estimation, and comparison of the rainfall results produced
by the 3 precipitation products, i.e., the WRF QPF model,
PERSIANN-CCS QPEs and rain gauge precipitation, are
shown in Fig. 4.

Figure 4 shows the average value of the rainfall results
of the WRF QPF model, PERSIANN-CCS QPEs, and the
rain gauge precipitation, where Figs. 4(a), 4(b), and 4(c)
are the average rainfall of the unit area by the rain gauge,
WRF QPF, and PERSIANN-CCS QPEs, respectively (the
x-axis is rainfall duration, hours, and y-axis is the average
rainfall of the unit area, mm); Fig. 4(d) and Fig. 4(e) are the
quantile-quantile plots in which a 45° line is drawn to
compare the rainfall results of the 2 weather models and the
rain gauge precipitation, respectively; and Fig. 4 is the
rainfall results of 2008, 2009, 2011, 2012, and 2013,
respectively.

According to the results shown in Fig. 4, the rainfall
distributions of WRF QPF, PERSIANN-CCS QPEs, and
observed precipitation data appear to be quite similar. In
particular, according to Figs. 4(d) and 4(e), the 2
precipitation plots, i.e., WRF QPF relative to the rain
gauge precipitation and PERSTANN-CCS QPEs relative to
the rain gauge precipitation, were very closely distributed
around the 45° lines, and the correlation coefficients (R?)
were all above 0.9 (Figs. 4(d) and 4(e)), meaning that the

distributions of these 3 rainfall products were close to one
another. However, the relative errors of the 3 rainfall
products cannot be ignored. The results from WRF QPF
were larger than those from the rain gauges, while those of
PERSIANN-CCS QPEs were smaller, which showed that
relative errors existed between the weather model
precipitation values and the rain gauge precipitation.

5.2 Results of the parameter optimization for the coupled
model

An improved PSO algorithm (Chen et al., 2016) was used
to optimize the model parameters. The floods 2005-06-14-
06:00, 2006-06-04-12:00, 2007-07-08-10:00, and 2008-
06-09-08:00 were used for parameter optimization. To
compare the output of parameter optimization, we also
compared the output of the model flood simulation based
on the initial parameters with that after parameter
optimization. These flood simulation outputs through
parameter optimization are drawn in Fig. 5. The 6
evaluation indices of the flood simulations, including the
Nash—Sutcliffe coefficient (C), the coefficient of the water
balance (W), the correlation coefficient (R), the flood peak
flow relative error (E%), the process relative error (P%),
and the flood peak flow time error (7 hours), are listed in
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Fig. 4 The rainfall results of the 3 precipitation products.

Table 2.

From Fig. 5, the karst flood outputs simulated through
parameter optimization for the coupling model were much
better than those simulated by the initial model parameters,
especially for the simulated peak flows. Among these flood
simulation results, the simulated output of flood 2008-06-
09-08:00 was the best, with the simulated flood process
closest to the observed process. To further compare the
outputs of the flood simulations, 6 evaluation indices,

including the Nash—Sutcliffe coefficient, the correlation
coefficient, the water balance coefficient, the process
relative error, the peak flow relative error, and the peak
flow time error, were calculated and are listed in Table 2.
The best values of the 6 indices were obtained when
modeling flood 2008-06-09-08:00. Therefore, flood 2008-
06-09-08:00 was finally used for parameter optimization,
and the rest of the flood events were used to validate the
model performance.
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Fig. 5 Karst flood simulation outputs through parameter optimization based on the improved PSO algorithm.

Table 2 shows that the average values of these 6
evaluation indices for flood simulation by parameter
optimization in the Karst-Liuxihe model were 0.91, 0.91,
12, 3, 0.92, and —3 h, respectively. For the flood
simulation results with the initial model parameters, the
values were 0.62, 0.65, 29, 34, 0.69, and —6 h,
respectively. Clearly, the model performance in flood
simulations was greatly improved after parameter optimi-
zation by the improved PSO algorithm. These reasonably
simulated flood processes based on the improved PSO
algorithm for the Karst-Liuxihe model were well matched
to the practically observed values (as shown in Fig. 5 and
Table 2), indicating that the improved PSO algorithm was
effective and that the Karst-Liuxihe model had a better
flood simulation output after parameter optimization than

the results achieved using the initial model parameters in
karst areas. The results also showed that parameter
optimization of the distributed model was necessary and
can greatly improve the model performance.

5.3 Flood simulation results by the coupled model

In this study, to analyze the outputs of the karst flood
simulation using the initial WRF QPF, PERSIANN-CCS
QPEs and their post-processed results, the karst flood
events from 2008 to 2013 were simulated by the coupled
model. The results comparisons are shown in Fig. 6.
According to Fig. 6, the flood simulations with the
original WRF QPF and PERSIANN-CCS QPE products
were unsatisfactory, especially for the simulated peak
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Table 2 Evaluation indices for the karst flood simulation outputs

Floods Model parameter ~ Nash—Sutcliffe Correlation Process relative  Peak flow relative  Coefficient of Peak time error
types coefficient (C) coefficient (R) error (P)/% error (E)/% water balance (1) (D/h
1994060700 Initial 0.65 0.58 37 32 0.76 -6
Optimized 0.93 0.87 14 2 0.95 -4
1995052100 Initial 0.58 0.61 35 33 0.57 -5
Optimized 0.85 0.9 20 3 0.81 -3
1996060600 Initial 0.61 0.62 35 35 0.74 -4
Optimized 0.9 0.93 18 5 0.86 -5
1997060400 Initial 0.59 0.6 31 34 0.72 -5
Optimized 0.84 0.95 13 2 0.95 -4
1998051600 Initial 0.62 0.58 25 35 0.76 -5
Optimized 0.83 0.95 10 2 1.05 -2
1999061700 Initial 0.62 0.55 27 38 0.56 -6
Optimized 0.89 0.93 15 3 0.8 -5
2000052100 Initial 0.54 0.68 26 31 0.58 -6
Optimized 0.89 0.89 8 2 0.83 -3
2001051500 Initial 0.6 0.65 26 35 0.65 -5
Optimized 0.91 0.89 12 2 0.82 -4
2002042600 Initial 0.65 0.68 28 29 0.67 -5
Optimized 0.86 0.9 14 4 0.87 -2
2003060600 Initial 0.63 0.65 24 26 0.65 -5
Optimized 0.92 0.85 9 3 0.86 -4
2004070300 Initial 0.58 0.62 25 39 0.67 -6
Optimized 0.88 0.92 13 4 0.85 -3
2005061400 Initial 0.54 0.65 38 45 0.52 -6
Optimized 0.87 0.92 10 3 1.08 -5
2006060400 Initial 0.66 0.71 28 43 0.61 -7
Optimized 0.91 0.89 11 5 0.92 -5
2007070800 Initial 0.63 0.66 32 38 0.71 -5
Optimized 0.89 0.93 14 4 1.12 -3
2008060900 Initial 0.65 0.68 29 32 0.67 -5
Optimized 0.96 0.94 5 3 0.94 -3
2009060908 Initial 0.67 0.61 28 34 0.79 -4
Optimized 0.95 0.92 17 4 0.9 -2
2010071208 Initial 0.6 0.65 26 36 0.83 -6
Optimized 0.88 0.91 15 2 0.89 -4
2011060109 Initial 0.65 0.83 25 21 0.89 -5
Optimized 0.95 0.92 16 3 1.02 -7
2012060220 Initial 0.69 0.54 31 27 0.75 -6
Optimized 0.93 0.91 8 5 0.89 -6
2013060114 Initial 0.7 0.84 28 38 0.79 -5
Optimized 0.95 0.94 7 6 0.92 -4
average value Initial 0.62 0.65 29 34 0.69 -6

Optimized 0.91 0.91 12 3 0.92 -3
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Fig. 6 The flood simulation results of flood based on the coupled model.

flows. In contrast, the coupled model performance with the
postprocessed WRF QPF and PERSIANN-CCS QPEs was
better. The simulated flood peak errors of the post-
processed weather models were effectively reduced. For
further comparison, the 6 evaluation indices of the flood
simulations with the original weather models and the post-
processed models are shown in Table 3.

From Table 3, all 6 evaluation indices for the
postprocessed WRF QPF and PERSIANN-CCS QPEs
improved compared with those for the original 2 weather
models. For WRF QPF, after postprocessing, the average
water balance coefficient increased by 8%, the average
Nash—Sutcliffe coefficient increased by 3%, and the
average correlation coefficient increased by 2%. The

average process relative error decreased by 5%, the
average peak flow relative error decreased by 5%, and
the peak flow time error decreased by 2 h. For the
postprocessing PERSIANN-CCS QPEs, the average
Nash—Sutcliffe coefficient increased by 5%, the average
water balance coefficient increased by 4%, and the average
correlation coefficient increased by 4%. The average
process relative error decreased by 5%, the average peak
flow relative error decreased by 6%, and the average peak
flow time error decreased by 3 h. Clearly, these evaluation
indices were improved following postprocessing of WRF
QPF and PERSTANN-CCS QPEs, which showed that the
postprocessing method used for the 2 weather models in
this study was effective and necessary.
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Table 3 The evaluation indices of karst flood simulations using the original WRF QPF and PERSIANN-CCS QPEs and their postprocessed values

Floods Rainfall types Nash—Sutcliffe Correlation Process relative  Peak flow relative  Coefficient of Peak time error
coefficient (C) coefficient (R) error (P)/% error (E)/% water balance (1) (D/h
200806090000 WRF 0.72 0.8 25 18 1.02 -9
PP-WRF 0.78 0.82 20 13 0.95 -7
PERSIANN 0.76 0.83 21 6 0.92 -10
PP-PERSIANN 0.83 0.88 18 5 0.94 -4
200906090800 WR 0.81 0.82 24 20 1.12 -6
PP-WRF 0.83 0.83 20 14 1.06 -4
PERSIANN 0.82 0.81 28 18 0.79 -6
PP-PERSIANN 0.85 0.87 22 12 0.85 -3
201106010900 WRF 0.79 0.81 26 14 1.15 -7
PP-WRF 0.83 0.83 20 10 1.08 -6
PERSIANN 0.85 0.85 21 12 0.92 -8
PP-PERSIANN 0.91 0.87 19 6 0.94 )
201206022000 WRF 0.78 0.82 18 13 1.28 -10
PP-WRF 0.81 0.83 10 11 1.15 -8
PERSIANN 0.86 0.84 16 15 0.78 -7
PP-PERSIANN 0.92 0.89 9 6 0.85 -4
201306011400 WRF 0.78 0.82 13 21 1.2 -8
PP-WRF 0.82 0.85 9 12 1.12 -6
PERSIANN 0.82 0.89 12 17 0.85 -5
PP-PERSIANN 0.86 0.91 8 9 0.87 —4
average value WRF 0.78 0.81 21 17 1.15 -8
PP-WRF 0.81 0.83 16 12 1.07 -6
PERSIANN 0.82 0.84 20 14 0.85 -7
PP-PERSIANN 0.87 0.88 15 8 0.89 -4

Remarks: WRF refers to WRF QPF, PERSIANN refers to PERSIANN-CCS QPEs, PP-WREF refers to postprocessed WRF QPF, and PP-PERSIANN refers to

postprocessed PERSIANN-CCS QPEs (the same applies in the following tables).

6 Discussion

6.1 Evaluation of rainfall data from WRF and PERSIANN-
CCS

To quantitatively evaluate and compare the rainfall results
of the 2 weather models with the rain gauge precipitation,
the average precipitation of the 3 rainfall products is listed
in Table 4.

According to the rainfall results listed in Table 4, some
relative errors between the 2 weather models and the rain
gauge precipitation cannot be ignored. The average
precipitation values of WRF QPF were larger than the
rain gauge precipitation, while the PERSIANN-CCS QPE
values were smaller. The relative errors between PER-
SIANN-CCS QPEs and the precipitation measured by rain
gauges were less than those between WRF QPF and the
rain gauge precipitation. The rainfall estimation results
according to PERSIANN-CCS had no lead time, whereas
the WRF QPF model offered rainfall forecasting with a

lead time of 96 h, which provided a lead time of 96 h for
flood forecasting by coupling the Karst-Liuxihe model
with the WRF QPF model in this study. The average
relative errors were 17% and —14% (Table 4) for WRF
QPF and PERSIANN-CCS QPEs, respectively. These
errors are considerable relative errors and cannot be
ignored. Therefore, an effective method (Section 3.3)
was used to reduce these relative errors and make the
rainfall results produced by the 2 weather models more
credible.

It should be pointed out that compared with the WRF
QPF in this study, such as rainfall observations using rain
gauges, the QPEs produced by the PERSIANN-CCS have
no lead time and are only suitable for flood inversion and
simulation calculations after the occurrence of floods.
Therefore, PERSIANN-CCS QPEs can be coupled with
the Karst-Liuxihe model to simulate historical karst
flood processes, while WRF QPF could be coupled with
the Karst-Liuxihe model to forecast karst floods in the
future.
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Table 4 Quantitative rainfall comparison results of the 3 precipitation

products
Floods Type Average precipitation  Relative bias
/mm 1%
200806090200 Rain gauge 1.37
WRF QPF 1.55 13
PERSIANN-CCS 1.22 —-11
QPEs
200906090800 Rain gauge 0.74
WRF QPF 0.88 19
PERSIANN-CCS 0.62 —-16
QPEs
201106010900 Rain gauge 0.42
WRF QPF 0.46 10
PERSIANN-CCS 0.39 -7
QPEs
201206022000 Rain gauge 0.78
WRF QPF 0.95 22
PERSIANN-CCS 0.63 -19
QPEs
201306011400 Rain gauge 0.53
WRF QPF 0.65 23
PERSIANN-CCS 0.43 -20
QPEs
average value Rain gauge 0.77
WRF QPF 0.9 17
PERSIANN-CCS 0.66 —14
QPEs

6.2 Evaluation of flood model outputs

This study compared the outputs of different rainfall inputs
on the model performance. The different types of
precipitation products, i.e., rain gauge precipitation,
WRF QPF and PERSIANN-CCS QPEs, were used as
inputs of the Karst-Liuxihe model to simulate floods. The
comparison results are shown in Table 5.

Table 5 shows that the average evaluation indices of
flood simulations based on rain gauge precipitation
generated the most accurate outputs, and compared with
the flood modeling outputs using WRF QPF, those with the
PERSIANN-CCS QPEs improved slightly. However, the
rainfall estimation results from PERSIANN-CCS have no
lead time, whereas WRF QPF can offer rainfall forecasting
with a lead time of 96 h; hence, a lead time of 96 h for flood
forecasting can be produced by coupling the Karst-Liuxihe
model with WRF QPF. This lead time of the coupled
model can provide a longer response time for flood
warnings.

The flood detention and peak clipping output of the
upstream karst depressions were considered in the coupled
model calculation (Section 4.1), making the water balance

calculation in the model more reasonable and reflecting the
actual flood evolution process in the karst area. The
average coefficients of the water balance, W, for the
precipitation measured by rain gauges, WRF QPF, and
PERSIANN-CCS QPEs were 0.93, 1.07, and 0.89,
respectively (as shown in Table 5). The water amount
was balanced in the model. The simulated average peak
time error values, 7, for the rain gauge precipitation, WRF
QPF, and PERSIANN-CCS QPEs were —3, —6, and —4,
respectively; this provided extra lead time for flood
warning and forecasting. The simulated average values
of the peak flow relative error, E, for the rain gauge
precipitation, WRF QPF, and PERSIANN-CCS QPEs
were 4%, 12%, and 8%, respectively, which were close to
the observed values. These results indicated that coupling
the Karst-Liuxihe model with the postprocessed WRF QPF
and PERSIANN-CCS QPEs in this paper could largely
improve the accuracy of karst flood simulations and
forecasting.

6.3 Uncertainty analysis of the coupled model

The uncertainty of the model simulation results mainly
comes from the input data, the model structure and its
parameters. Accordingly, the uncertainty analysis of the
coupled model in this study focused on three aspects.

1) The reliability of the model input data, which include
rainfall data, karst flood events, and hydrogeological data,
was ensured; among these data, rainfall data could be
reliably obtained by WRF QPF and PERSIANN-CCS
QPEs and were revised effectively by the postprocessing
method in this study, which made the rainfall results based
on the 2 weather models closer to the true rainfall results in
the basin and can largely reduce their uncertainty in rainfall
forecasting; the karst flood data were obtained from the
local hydrology department, which has been reviewed for
reliability, consistency and representativeness; and some
hydrogeological data were obtained through a field survey
and tracer testing (Li et al., 2019) in the study area.

2) The uncertainty of the model structure was reduced,
which was achieved mainly by improving the original
Liuxihe model structure and algorithm to develop the
Karst-Liuxihe model in this study area. An uncertainty
analysis was carried out after the improvement of the
model (Li et al., 2019).

3) The uncertainty of the model parameters was
evaluated. A parameter sensitivity analysis was undertaken
to evaluate the uncertainty of the coupled model in terms of
model parameters (Section 4.3). To analyze the parameter
sensitivity more easily, a factor S/ was used, which is
calculated as S/ = 1—|DS—NSC |. The closer SI was to 1,
the more sensitive the parameter. The S/ values are shown
in Table 6.

The value of SI for the saturated water content
parameter, ,, was the maximum value obtained from
Table 6. So it was the most sensitive parameter of the
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Table 5 Evaluation indices of karst flood simulations using the three precipitation products

Floods Rainfall types Nash—Sutcliffe Correlation Process relative  Peak flow relative  Coefficient of Peak time error
coefficient (C) coefficient (R) error (P)/% error (E)/% water balance (1) (D/h
200806090000 Rain gauge 0.96 0.94 5 3 0.94 -3
WRF 0.78 0.82 20 13 0.95 -7
PERSIANN 0.83 0.88 18 5 0.94 -4
200906090800 Rain gauge 0.95 0.92 17 4 0.9 -2
WRF 0.83 0.83 20 14 1.06 -4
PERSIANN 0.85 0.87 22 12 0.85 -3
201106010900 Rain gauge 0.95 0.92 16 3 1.02 -7
WRF 0.83 0.83 20 10 1.08 -6
PERSIANN 0.91 0.87 19 6 0.94 -6
201206022000 Rain gauge 0.93 0.91 8 5 0.89 -6
WRF 0.81 0.83 10 11 1.15 -8
PERSIANN 0.92 0.89 9 6 0.85 -4
201306011400 Rain gauge 0.95 0.94 7 6 0.92 -4
WRF 0.82 0.85 9 12 1.12 -6
PERSIANN 0.86 091 8 9 0.87 —4
average value Rain gauge 0.95 0.93 11 4 0.93 -3
WRF 0.81 0.83 16 12 1.07 -6
PERSIANN 0.87 0.88 15 8 0.89 -4
Table 6 Parameter sensitivity analysis of the coupled model
Flood Potential Evaporation Wilting percentage Saturated water ~ Saturation permeability Macro crack volume
evaporation (£,) coefficient (1) (Cw1) content (Ogy) coefficient (6;) ratio (V)
2008060900 0.18 0.26 0.11 0.94 0.92 0.78

Field capacity (fg) Soil layer thickness (z) Saturated hydraulic

Soil coefficient (b) Bottom slope (S,,) Bottom width (Sy,)

conductivity (Ky)

0.88 0.73 0.82 0.64 0.53 0.6
Slope roughness (n) Channel roughness (r7;) Depletion coefficient Permeability coefficient Specific yield of the Thickness of the karst
(w) (K) aquifer (y) aquifer (k)
0.47 0.45 0.36 0.8 0.75 0.72

coupled model. Parameters related to the soil water content
in the model were very sensitive, such as the saturated
water content parameter and saturation permeability
coefficient. This finding indicated that the pre-soil moisture
had a great influence on the final flood simulation results of
the model. However, parameters related to evaporation in
the model were insensitive, for example, the evaporation
coefficient, potential evaporation, and wilting percentage.
This result indicated that evapotranspiration loss accounted
for a small proportion of flood water and had little
influence on the flood simulation results, which was
consistent with the actual situation in the study area.
According to Table 6, the sequence of the parameter
sensitivity of the coupled model was as follows: 1)
saturated water content, fg,; 2) saturation permeability
coefficient, 6;; 3) field capacity, Og; 4) saturated hydraulic

conductivity, K; 5) macrocrack volume ratio, V; 6) slope
of the water storage content and flow curve, K; 7)
proportion of the flow, y; 8) thickness of the epikarst
zone, h; 9) soil layer thickness, z; 10) Soil coefficient, b;
11) bottom width, Sy; 12) bottom slope, S,; 13) slope
roughness, n; 14) channel roughness, n;; 15) depletion
coefficient, w; 16) evaporation coefficient, 4; 17) potential
evaporation, E,; and 18) wilting percentage, Cy,.

7 Conclusions

Precipitation, as the hydrological model input data, is one
of the driving factors that makes the model work smoothly.
However, it is often difficult to estimate effective rainfall
results in karst areas. In this paper, WRF QPF and
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PERSIANN-CCS QPEs were adopted to obtain acceptable
precipitation estimations for the Liujiang karst river basin.
A postprocessing method was proposed to revise the
rainfall products using these 2 weather models. To test the
effectiveness of this revision, the Karst-Liuxihe model was
coupled with the postprocessed WRF QPF and PER-
SIANN-CCS QPEs to simulate the floods of the Liujiang
karst watershed. The following conclusions were obtained
from the results of this paper.

1) The quantitative precipitation results produced by
WRF QPF and PERSIANN-CCS QPEs were quite close to
the rainfall data observed by rain gauges, especially
concerning the rainfall distribution. However, there was a
relative error between the precipitation of the weather
models and the rain gauges, which was 17% for WRF QPF
and —14% for PERSIANN-CCS QPEs. This finding
showed that WRF QPF overestimated the precipitation
values, while PERSIANN-CCS QPEs underestimated the
precipitation amounts. The postprocessing method pro-
posed in this study could largely reduce these relative
errors.

2) A comparison of the karst flood event outputs
simulated based on the Karst-Liuxihe model after
parameter optimization and the initial model parameters
revealed that those produced after parameter optimization
were much better. The average values of the evaluation
indices, including the Nash—Sutcliffe coefficient, the
correlation coefficient, and the coefficient of water balance
for the Karst-Liuxihe model, increased by 29%, 26%, and
23%, respectively. The process relative error, peak flow
relative error, and peak time error decreased by 17%, 31%,
and 3 h, respectively. Among these parameters, the
reduction in flood peak relative error was the most
obvious, and it is the factor of greatest concern in flood
forecasting. The results showed that it was necessary to
optimize the parameters of the distributed hydrological
model, and the improved PSO algorithm selected in this
study was effective.

3) Compared with the karst flood event outputs
simulated based on the initial 2 weather models, the
flood simulations achieved with the postprocessed WRF
QPF and PERSTANN-CCS QPEs were much improved.
For the postprocessed WRF QPF, the average water
balance coefficient, Nash—Sutcliffe coefficient, and corre-
lation coefficient increased by 8%, 3%, and 2%,
respectively. The average peak flow relative error, process
relative error and peak flow time error decreased by 5%,
5%, and 2 h, respectively. For the post-processed
PERSIANN-CCS QPEs, the average water balance
coefficient, Nash—Sutcliffe coefficient, and correlation
coefficient were increased by 4%, 5%, and 4%, respec-
tively. The average peak flow relative error, process
relative error, and peak flow time error decreased by 6%,
5%, and 3 h, respectively. Clearly, the postprocessing
method proposed in this study was effective and feasible.

4) Compared with the floods simulated using the

postprocessed WRF QPF, the simulation outputs achieved
with the postprocessed PERSIANN-CCS QPEs were
slightly better, especially in peak flow simulation. How-
ever, the rainfall data provided by PERSIANN-CCS QPEs
have no lead time, which affects the simulation and
inversion after the occurrence of floods. Coupling the
Karst-Liuxihe model with the WRF QPF model resulted in
a lead time of 96 h in flood forecasting, which could
provide an adequate amount of time for flood warnings and
emergency responses. The satisfactory flood simulation
results indicated that coupling the 2 weather models with
the Karst-Liuxihe model in this paper was feasible and
reasonable for the Liujiang karst river basin.

5) The parametric uncertainty analysis for the coupled
model showed that the saturated water content parameter
O was the most sensitive. The parameter sensitivity
sequence of the Karst-Liuxihe model was as follows:
1) saturated water content, O,; 2) saturation permeability
coefficient, 6; 3) field capacity, Og; 4) saturated hydraulic
conductivity, K; 5) macrocrack volume ratio, V; 6) slope
of the water storage content and flow curve, K;
7) proportion of the flow, y; 8) thickness of the epikarst
zone, h; 9) soil layer thickness, z; 10) Soil coefficient, b;
11) bottom width, Sy; 12) bottom slope, S,; 13) slope
roughness, n; 14) channel roughness, n;; 15) depletion
coefficient, w; 16) evaporation coefficient, 4; 17) potential
evaporation, E,; and 18) wilting percentage, Cy,.

8 Data availability

The observed rainfall data and karst flood events were
provided by the Liuzhou Hydrological Bureau, Guangxi
Province, China.

The WRF model used in this study was WRF-ARW
model version 3.4, and the PERSIANN-CCS QPE data can
be downloaded without cost from CICS website. The
Liuxihe model prototype was offered by Y Chen (Chen,
2009).

The property data of the study area, including the DEM
data, the land use type, and the soil type, can be
downloaded without cost. 1) The DEM data were from
SRTM website. 2) The land use types can be downloaded
from USGS website. 3) The soil types were from ISRIC
website.
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