
Simulation of Karst Floods with a Hydrological Model Improved by

Meteorological Model Coupling

JI LI,a DAOXIAN YUAN,a,b MINGGUO MA,a AND JIAO LIUc

a Chongqing Jinfo Mountain Karst Ecosystem National Observation and Research Station, Chongqing Key Laboratory of Karst
Environment, School of Geographical Sciences, Southwest University, Chongqing, China

b Key Laboratory of Karst Dynamics, MNR&Guangxi, Institute of Karst Geology, Chinese Academy of Geological Sciences,
Guilin, China

c Chongqing Municipal Hydrological Monitoring Station, Chongqing, China

(Manuscript received 26 April 2021, in final form 24 November 2021)

ABSTRACT: Karst basins are prone to rapid flooding because of their geomorphic complexity and exposed karst land-
forms with low infiltration rates. Accordingly, simulating and forecasting floods in karst regions can provide important
technical support for local flood control. The study area, the Liujiang karst river basin, is the most well-developed karst
areas in South China, and its many mountainous areas lack rainfall gauges, limiting the availability of precipitation infor-
mation. Quantitative precipitation forecast (QPF) from the Weather Research and Forecasting (WRF) Model and quanti-
tative precipitation estimation (QPE) from the Precipitation Estimation from Remotely Sensed Information Using
Artificial Neural Networks–Cloud Classification System (PERSIANN-CCS) can offer reliable precipitation estimates.
Here, the distributed Karst–Liuxihe (KL) model was successfully developed from the terrestrial Liuxihe model, as reflected
in improvements to its underground structure and confluence algorithm. Compared with other karst distributed models,
the KL model has a relatively simple structure and small modeling data requirements, which are advantageous for flood
prediction in karst areas lacking hydrogeological data. Our flood process simulation results suggested that the KL model
agrees well with observations and outperforms the Liuxihe model. The average Nash coefficient, correlation coefficient,
and water balance coefficient increased by 0.24, 0.19, and 0.20, respectively, and the average flood process error, flood peak
error, and peak time error decreased by 13%, 11%, and 2 h, respectively. Coupling the WRFModel and PERSIANN-CCS
with the KL model yielded a good performance in karst flood simulation and prediction. Notably, coupling the WRF and
KL models effectively predicted the karst flood processes and provided flood prediction results with a lead time of 96 h,
which is important for flood warning and control.

SIGNIFICANCE STATEMENT: The WRF Model and PERSIANN-CCS can provide precipitation data for moun-
tainous karst areas lacking rainfall gauges, and their rainfall results are forecasted effectively to reduce the uncertainty
of input precipitation data. Then, the PERSIANN-CCS QPEs and WRF QPF are coupled with the improved KL
model for karst flood simulation and prediction. This coupled model worked well in karst basins.

KEYWORDS: Hydrologic models; Hydrometeorology; Model comparison; Model evaluation/performance; Probability
forecasts/models/distribution; Satellite observations; Watersheds

1. Introduction

Karst areas, due to the presence of exposed karst geomor-
phic units, exhibit low precipitation infiltration and often rap-
idly form surface runoff (Gallegos et al. 2013; Chapuis et al.
2020), which can lead to watershed waterlogging or flooding
events that affect adjacent watersheds. In addition, the sink-
holes in karst areas allow for the rapid delivery of surface run-
off to underground river systems, ultimately draining through
underground river outlets (Johnson et al. 2017). If the inten-
sity of precipitation is high, the amount of water discharged
into underground rivers exceeds their ultimate discharge
capacity, which may result in flooding from overflow (Dan
et al. 2011; Li et al. 2021b). Therefore, the simulation and
forecasting of hydrological processes based on a hydrological
model in karst areas is necessary and can be used as a key
nonengineering measure for flood mitigation and control

(Diodato et al. 2014; Martı́nez-Salvador and Conesa-Garcı́a
2020). Precipitation, as data input into hydrological models, is
a crucial driver of flood prediction.

Numerical meteorological models can provide effective
precipitation data for flood prediction. Among the current
popular meteorological models, the Weather Research and
Forecasting (WRF) Model and Precipitation Estimation from
Remotely Sensed Information Using an Artificial Neural Net-
work–Cloud Classification System (PERSIANN-CCS) could
be effective tools for obtaining precipitation in karst regions
(Li et al. 2019; Yang et al. 2019). They can provide forecasting
periods for long-term precipitation forecasts; for example, the
WRF Model in this study can forecast precipitation with a
lead time of up to 96 h, and coupling it with hydrological mod-
els could extend the forecasting period in flood prediction,
which is important for flood control and the safe evacuation
of people and property.

The WRF Model (Skamarock et al. 2008), a classic repre-
sentative of mesoscale numerical meteorological models,Corresponding author: Ji Li, 445776649@qq.com
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provides global-scale, high-resolution precipitation forecast
products. Coupling the WRF Model with a hydrological
model can extend the lead time for flood forecasting (Zappa
et al. 2010), which is important for flood warnings and flood
emergency responses (Tingsanchali 2012). For example,
Lahmers (2017) improved the WRF-Hydro hydrologic model
to simulate floods in semiarid areas and provided an impor-
tant forecasting period for the study area. The lead time of
the current WRFModel is 1–15 days, but only the accuracy of
precipitation forecasting results can be guaranteed for the
24-h forecasting period, and the precipitation forecasting
effects for longer periods are not satisfactory (Johnson et al.
2014; Ahlgrimm et al. 2016; Yang et al. 2019). This study
attempted to use the WRF Model to forecast precipitation
with a maximum forecasting period of 96 h in karst basins.
Then, coupling the WRF Model with the distributed hydro-
logical model is advantageous for extending the forecasting
period in flood prediction, which is equivalent to providing an
additional 96 h of foreseeability for flood prediction.

PERSIANN-CCS can effectively identify complex cloud
systems and accurately estimate precipitation data across the
globe using weather satellites and artificial neural network
technology. The PERSIANN-CCS model and PERSIANN–-
Climate Data Record (PERSIANN-CDR) have been coupled
with hydrological models and have achieved good research
results (Hsu et al. 2007; Hong et al. 2007; Mekonnen and Hos-
sain 2010; Nguyen et al. 2017). For instance, Bitew et al. (2012)
coupled the PERSIANN model with the MIKE Système
Hydrologique Européen (MIKE SHE) hydrologic model to
simulate the flow in a mountainous watershed in the Ethiopian
highlands. There are few cases where the PERSIANN-CCS
model has been applied in karst areas (Li et al. 2019). There-
fore, this study wanted to use PERSIANN-CCS to explore
whether it is applicable to karst precipitation estimation.

In karst watersheds, according to the modeling mechanisms
of the distributed model, an entire watershed is divided into
many grid units, known as karst subbasins, based on digital
elevation model (DEM) data (Kovacs and Perrochet 2011).
These karst subbasins are grid scale and can match the
gridded precipitation data provided by the PERSIANN and
WRF models. Subsequently, hydrological processes, mainly
runoff generation and confluence, can be effectively described
by this coupled model.

Because of the complicated hydrogeological conditions,
anisotropic characteristics of karst aquifers, and the lack of
rain gauges in karst regions, it is difficult to obtain hydrogeo-
logical parameters (such as the permeability coefficient) and
precipitation data (such as the specific yield) with which to
build a model (Chapuis et al. 2020). Therefore, it is challeng-
ing to describe the hydrological processes (primarily water
movement and transformation) in anisotropic karst water-
bearing media using a hydrological model, especially a distrib-
uted hydrological model, and then to accurately simulate and
forecast karst flood processes (Li et al. 2021a,b). The con-
struction of distributed models requires considerable model-
ing data, including precipitation, flood, and DEM data
(Scanlon et al. 2003). These data, especially hydrogeological
data, are not easily available in karst basins (Li et al. 2021a).

To overcome the lack of karst hydrogeological data for dis-
tributed modeling, the distributed Karst–Liuxihe (KL) model
proposed in this study was inspired by the shortcomings of the
Liuxihe model (Chen 2009) in karst regions. This Liuxihe
model is a terrestrial hydrological model and can only be used
for flood simulation and forecasting of surface rivers in non-
karst areas (Li et al. 2019). The subsurface structure of the
model is not stratified but a unified whole, and a linear reser-
voir method is used to calculate the confluence of subsurface
runoff, which is obviously not applicable to the simulation of
nonlinear runoff in anisotropic karst aquifers. Therefore, this
study tried to improve the structure and algorithm of the
Liuxihe model and develop a new KL model for application
in karst flood prediction.

Compared with the commonly used karst groundwater
numerical models, this KL model has certain advantages in
karst flood simulation and prediction due to its structural
characteristics. Other karst hydrological models may need
a large amount of modeling data due to the multiple struc-
tures and complex parameters (Kovacs and Perrochet
2011; Hrnjica and Bonacci 2019). For instance, the applica-
tion of the MODFLOW–Conduit Flow Process (MOD-
FLOW-CFP) model in karst areas usually requires detailed
information on the conduit distribution in karst aquifers
(Gallegos et al. 2013), but this information is difficult to
obtain in practice, which poses a great challenge for hydro-
logical modeling in karst areas. The KL model used in a
karst area requires less data due to its simple structure,
featuring three subsurface layers in the horizontal and ver-
tical directions. Thus, the structure is relatively simple,
making the modeling data less complex. In addition, all of
the karst subbasins are divided into small grid units, which
are space independent in the KL model and known as karst
hydrology response units (KHRUs) (Ren 2006; Pan 2014).
Limited hydrogeological data can be employed to the
greatest extent through the division of the KHRUs, which
are small enough that spatial differences in hydrogeologi-
cal data can be ignored; thus, fewer modeling data are
required.

To validate the improvement of the model in karst regions,
the flood simulation effects determined by the Liuxihe model
are compared with those of the KL model. In addition, the
performance of the coupled model [coupling PERSIANN-
CCS and the quantitative precipitation forecast (QPF) from
WRF] in karst flood simulations and predictions is evaluated
in this study.

The remainder of this paper is organized as follows: section 2
introduces information on the study area, including karst devel-
opment and hydrogeological and meteorological information,
which represent the necessary modeling data. Section 3 mainly
describes the related methods and principles of the two meteoro-
logical models and the improved hydrological model. Section 4
describes the setting of the coupled model, which mainly refers
to the setting of some initial conditions before the model runs.
Sections 5 and 6 present and discuss the flood simulation and pre-
diction results of the coupled model, including model uncertainty
analysis and evaluation of the simulation effects. The main con-
clusions of the study are summarized in section 7.
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2. Study area and data

a. Study area

The research area is the Liujiang karst watershed in
southwest China, located at 248–24.58N, 1098–109.78E. The
area of the basin is approximately 5.8 3 104 km2. The karst
is developed well in this basin. The carbonate rock distribu-
tion area is approximately 1.9 3 104 km2. The dark blue
area in Fig. 1a is the continuous carbonate distribution area
where the karst is most developed, and almost all of the
study area in this paper is in this area. The subtropical mon-
soon climate brings abundant precipitation to the basin, for
which the average annual precipitation is approximately
1400 to 1700 mm. Figure 1 shows a map of the Liujiang
watershed.

The outcropping strata in this basin are ancient and include
Sinian, Cambrian, Silurian, Ordovician, upper Devonian,
lower Carboniferous, upper Permian, lower Triassic, Paleo-
gene, Pleistocene, and Holocene strata, from older to youn-
ger. The upstream basin is located in the southern part of the
ancient Paleocaledonian fold belt, with a large area of carbon-
ate rock. The upstream basin is the main precipitation source.
Large areas of karst peaks, clustered depressions and moun-
tain valleys are widely developed on the surface, and most of
the valleys are V-shaped canyons, with relative heights of
approximately 600 m. The karst conduits in the underground
aquifer are widely distributed. Under the long-term scouring
of the Liujiang River, the largest surface water system in the
basin, and the dissolution of carbonate rocks, the main karst
geomorphic unit in the downstream basin is the peak forest
plain. These landforms facilitate the spread of floods. With
the increase in the frequency of extreme rainfall events
around the world, severe flooding frequently occurs in this
river basin (Li et al. 2019), which poses a great threat to the
safety of local residents’ lives and property.

b. Modeling data

In this karst basin, there are 66 rain gauges, 131 grid gauges
in PERSIANN-CCS quantitative precipitation estimation
(QPE), and 156 grid gauges in the WRF QPF (Fig. 1a). The
grid gauges of the two meteorological models cover the entire
basin and provide a representative precipitation product. The
WRF QPF model offers precipitation forecasting with a lead
time of 96 h (forecast date: 0300 UTC 12 September
2008–0400 UTC 1 September 2013), whereas the precipitation
estimates of PERSIANN-CCS provide no lead time. The pre-
cipitation data from these gauges were input into the KL
model for model validation. In this study, precipitation data
observed at rainfall gauges were used to assess the precipita-
tion results forecasted by the two meteorological models,
which can effectively analyze the uncertainty of the forecast
results. Data on 18 flood processes from 2005 to 2013 were
collected to validate the improvement achieved by the cou-
pled model. The modeling property data include DEM, land
use, and soil type data.

The spatial resolution of the original DEM, land use, and soil
data must be consistent with the resolution of the two

meteorological models in this study. The original resolution of
the DEM was 90 m 3 90 m, and that of the land use and soil
data was 1000 m 3 1000 m. After resampling in ArcGIS 10.2,
the spatial resolution of these property data and the two meteo-
rological models were downscaled to 200 m 3 200 m in the cou-
pled model based on the study of the relation between
watershed area and distributedmodel performance by Chen et al.
(2017).

3. Methodology

a. WRF Model

The Advanced Research version of the WRF Model version
3.4 by Skamarock et al. (2008) was adopted in this study to fore-
cast the precipitation rainfall results in the basin. As a

FIG. 1. Liujiang karst watershed maps: (a) gauge map and
(b) elevation map.
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representative numerical meteorological weather model with
high accuracy in mesoscale weather forecasting, with horizontal
resolutions on the 1–10-km scale, this version of the WRFModel
can effectively predict complex weather changes on different
weather scales.

The process of building the WRF Model drew on the results
of previous research by Li et al. (2015). The initial conditions
and the parameters of the model were configured in the follow-
ing way. First, Lambert conformal projection was used to divide
the model into 28 layers in the vertical direction, which can
cover the entire troposphere, and the top pressure was 50 hPa.
The range of the model was set to 248N and 1098E depending
on the location of the study area. Second, the model time scale
in the simulations was changed from the initial 3 h to 1 h, and
the spatial resolution of the WRF Model was 20 km 3 20 km,
which needed to be upscaled to 200 m 3 200 m, consistent with
the horizontal resolution used in the hydrological model. Third,
parameter physics schemes were adopted.

Considering that this study mainly focuses on forecasting
precipitation events, two parameterization schemes with
greater influence on precipitation were chosen for parametric
calibration, including the WRF single-moment 3-class micro-
physics scheme (WSM3; Hong and Lim 2006) and the Kain–-
Fritsch cumulus parameterization (Kain 2004) schemes. To
better analyze the influence of precipitation schemes on their
rainfall forecast results, the schemes of other physical pro-
cesses in the WRF Model were kept identical, which included
the Noah scheme and surface model (Ek et al. 2003), Rapid
Radiative Transfer Model, Goddard scheme, and Yonsei Uni-
versity (YSU) planetary boundary layer scheme. Finally, after
parameter calibration, the WRF Model was used to forecast
the precipitation results with a lead time of 96 h in the study
area, and the initial background data came from the real-time
rainfall forecasting product of the Global Forecast System
(GFS) with a 18 3 18 resolution. In the model setup, a 3-class
Runge–Kutta time integration scheme was used, with a time
step of 90 s, and the model changed boundaries every 6 h (Li
et al. 2015). The integration time was 96 h, and the rainfall
forecast results were output every hour. After rainfall fore-
casting, the precipitation data from rainfall gauges were used
to assess these forecasted precipitation results.

b. PERSIANN-CCS

The PERSIANN-CCS model (Hong et al. 2007) used in this
study was an improved version of the PERSIANN system, and
the improvements were mainly related to the use of a self-adap-
tive artificial neural network to identify and classify complex
cloud systems. The precipitation estimated in this model is based
on computer imaging and pattern recognition techniques through
geostationary infrared images and daytime visible images.

The PERSIANN-CCS system has generated quantitative
precipitation estimation products with a spatial resolution of
0.048 3 0.048 and a 30-min time interval since 2000. In this
study, to make the temporal resolution of the PERSIANN
model consistent with that of the KL model, its temporal reso-
lution was set to 1 h, and the spatial resolution was set to 200

m 3 200 m, similar to the resolution adjustment method of
the WRFModel described above.

The steps for estimating precipitation with this PERSIANN-
CCS model were as follows.

1) The satellite cloud images were separated into special-
ized cloud blocks, and cloud properties, including tem-
perature, geometry, and texture traits, were extracted.

2) Manual correction of the classification of satellite cloud
top brightness temperature (Tb) and rainfall (R) rela-
tionship (Tb–R) using ground-based rainfall gauges was
performed.

3) The corrected satellite cloud maps were processed in
relation to precipitation, and the precipitation estimation
results for specific areas were generated.

c. Evaluation with the meteorological models

To evaluate the effects of the WRF Model and PERSIANN-
CCS in rainfall simulation and forecasting, the relative bias
(RBias), root-mean-square error (RMSE), and correlation coeffi-
cient (R) were adopted to compare the performances of the two
meteorological models, for which RBias could reflect the system-
atic bias of rainfall results. The RMSE could measure the aver-
age error magnitude between the forecast rainfall and rain gauge
rainfall. The correlation coefficient R was employed to describe
the agreement between the forecasted rainfall and rain gauge
observations (Moazami et al. 2013):

RBias5

∑N
i5 1

Pfi 2Poi
( )
∑N
i5 1

Poi

3 100%, (1)

RMSE5

∑N
i51

Pfi2Poi
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N

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
1=2
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R5

∑N
i5 1

Pfi 2Pf

( )
Poi 2Po

( )
∑N
i51

Pfi2Pf

( )2∑N
i51

Poi2Po

( )2[ ]1=2 , (3)

where Pfi and Pf are the value of the forecasted rainfall at the
ith grid and its average value determined by the two meteoro-
logical models (mm); Poi and Po are the observed rainfall at
the ith grid and its average value determined by the rain
gauge (mm); and N is the number of rainfall grids counted.

d. Karst–Liuxihe model

The Liuxihe model (Chen 2009) has been widely used in
flood prediction of river basins and reservoirs (Chen 2018;
Chen et al. 2017). As a terrestrial model, this model is suit-
able for forecasting surface runoff (Chen 2009; Chen et al.
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2016, 2017) in nonkarst regions. In the model structure
design, the Liuxihe model is intended to treat the under-
ground layer as a whole (Li et al. 2019, 2021a), and the
underground structure is not stratified, making it a lumped
model in this regard. Therefore, it is obvious that the Liux-
ihe model is not applicable to describe aquifers with multi-
layered spatially anisotropic structures in karst areas. In
addition, the groundwater runoff confluence of the Liuxihe
model runoff adopts a linear reservoir method (Chen et al.
2016; Chen 2018), which does not consider the movement
and transformation of water in the complex and nonlinear
karst water-bearing medium. Thus, based on the character-
istics of the Liuxihe model in terms of both structural
framework arrangement and algorithm design, the Liuxihe
model is not suitable for flood simulation and forecasting
in karst basins.

To use the terrestrial Liuxihe model for flood simulation
and forecasting in karst regions, the development of algo-
rithms for underground runoff confluence is critical. We
therefore developed the KL model. Figure 2a shows a block
diagram of the modeling steps used for the KL model cou-
pled with the two meteorological models in this study. The
KL model development procedures are summarized below.

1) REFINING THE BASIN CALCULATION UNIT IN THE

MODEL STRUCTURE

In the Liuxihe model, the entire watershed is classified into
subbasins based on DEM data (Chen 2009). In the establish-
ment of a distributed hydrological model in some small karst
areas, it may be rough to divide light into subbasin levels,
which is not enough to accurately describe the underlying sur-
face conditions and the characteristics of runoff generation
and confluence. Therefore, in the KL model, these subbasins
are classified as karst hydrology response units (KHRUs).
These units are independent of each other, and the spatial and
temporal differences within each KHRU are smaller than
those between KHRUs. The entire hydrological computation,
such as rainfall interpolation, evaporation calculation, runoff
generation and confluence, is performed on individual
KHRUs. The KHRUs are small enough that spatial differ-
ences in precipitation within the unit can be ignored, the gen-
eration and convergence of runoff processes inside the KHRU
can be handled according to the black box model (Pan 2014),
and only the generation and convergence process between
KHRUs need to be calculated. In this way, the model can
maximize the use of limited karst hydrogeological data.
KHRU extraction in the KL model is based on previous stud-
ies on hydrology response units (HRUs) in the SWAT model
(Ren 2006) and TOPMODEL (Pan 2014).

There are three layers in the subsurface vertical structure of a
KHRU: the soil layer, rock stratum, and underground river sys-
tem. Figure 2b shows a sketched map of a KHRU.

2) IMPROVING THE ALGORITHMS OF RAINFALL–

RUNOFF PROCESSES

In a KHRU, the karst water-bearing media includes fissure
systems and karst conduits, in which the water movement

rules were slow fissure flow and rapid conduit flow. A crack
width of 10 cm was used as the threshold (Atkinson 1977);
i.e., if the crack width was larger than 10 cm, then the water
movement rule was considered rapid flow. Otherwise, it was
considered slow fissure flow. The following equation was used
to calculate the slow fissure flow:



x
Kxx

h
x

( )
1



y
Kyy

h
y

( )
1



z
Kzz

h
z

( )
6W5 Ss

h
t

( )
, (4)

where Kxx, Kyy, and Kzz are the rock permeability coefficients
in different directions (m day21); W is the source sink term
(day21); h is the groundwater head (m); t is the concentration
time (days); and Ss is the rock storage coefficient (m21).

The karst conduit system could be generalized as water-
bearing tubes during flooding. If the groundwater was laminar
flow, the flow in a tube can be described as follows:

Q5 2A
gd2h
32nx

5 2A
rgd2Dh
32mtDl

, (5)

where Q is laminar flow (m3 s21); A is the tube cross-sectional
area (m2); d is the tube diameter (m); r is the groundwater den-
sity (kg m23); n is the kinematic viscosity coefficient (Shoemaker
2008); g is gravitational acceleration (m s22); t is the curvature
of the tube; and Dh/Dl is the hydraulic slope of the tube.

If the groundwater was turbulent flow in the water-bearing
tubes, the flow could be described as follows:
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, (6)

where Q is the turbulent flow in the water-bearing tubes
(m3 s21) and kc is the tube wall height (m).

In the unsaturated epikarst zone, there could be water
exchange between the slow fissure flow and rapid conduit
flow. This water exchange was described as follows:

Q5ai,j,k hn 2 hi,j,k
( )

ai,j,k 5
∑np
ip5 1

Kw( )i,j,kpdip 1
2
Dliptip
( )

rip

,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩ (7)

where ai,j,k is the coefficient of water exchange into the KHRUs
(m2 s21); hn is the water head of tube n (m); np is the tube num-
ber; hi,j,k is its water head (m); (Kw)i,j,k is the tube wall perme-
ability coefficient (m day21); Dlip is the length of tube ip (m); dip
and rip are its diameter and radius (m); and tip is its curvature.

3) ADDING PARAMETERS TO THE KL MODEL

Fifteen parameters required optimization in the Liuxihe
model, and the number of parameters increased to 20 in the
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FIG. 2. Block diagram of modeling and KHRUs in the coupled model. (a) Block diagram of modeling steps for
the coupled model and (b) sketched map of a KHRU (Modified from Li et al. 2019).
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KL model, 18 of which must be optimized. The parameters in
the KL model are listed in Table 1.

Three of the five added parameters are the thickness of the
epikarst zone, the macrocrack volume ratio, and the parame-
ter of the underground river. These epikarst zone parameters
were obtained by field surveys and drill-hole pumping tests in
the study area.

In the KL model, some hydrogeological parameters, such
as the rock permeability coefficient and the specific yield of
the karst aquifer, were calculated by experience functions.
The permeability coefficient of the rock (K) was described by
the following experience function:

Q5 1:366K
2H2M( )M2 h2

log(R0)2 log(r0)
1
24

R0 5 r0 1 10S
����
Ks

√
;

r0 5

�������
a3b
p

√
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(8)

whereQ is the inflow in the studied zone (m3 h21); Ks is the rock
permeability coefficient (m day21); H is the distance between the
aquiclude and confined aquifer’s water level (m); h is the dynamic
water level (m);M is the karst aquifer thickness (m); R0 and r0 are

the substitute influence radius and the substitute radius (m); a3 b
is the studied area (m2); and S is the drawdown value (m).

4. Coupled model setup

a. Model setup

Some necessary initial conditions need to be set artificially
before the model can be run, such as precipitation data assess-
ment, soil moisture before flooding, and river base flow. The
initial conditions in the KL model mainly include the
following.

1) The precipitation results forecasted by the WRF and
PERSIANN-CCS models [Eqs. (1)–(3)] are assessed.

2) The initial soil moisture is determined. The antecedent soil
water content is set to [0%, 100%] saturation moisture. The
soil water content before each flood is different and must
be determined by trial model calculations. In this study, the
initial state of the groundwater before flood events is auto-
matically monitored by setting up artificial hydrometric sta-
tions at the underground river outlet, mainly to observe the
groundwater level and flow processes. The river base flow is
approximately 1800 m3 s21 based on the average annual
dry season flow in the basin.

TABLE 1. Parameters in the KL model. The parameters in bold font are the five newly added parameters in the model.

Parameter types Name Variable Physical property Sensitivity Adjustability

Evaporation Potential
evaporation

Ep Meteorology Insensitive Adjustable

Evaporation
coefficient

l Vegetation type Moderately sensitive Adjustable

Wilting percentage Cwl Vegetation type Insensitive Adjustable
Epikarst zone Thickness h Rock property Sensitive Nonadjustable

Saturated water
content

usat Soil type Highly sensitive Adjustable

Specific yield us Soil type Highly sensitive Adjustable
Macro crack

volume ratio
V Rock property Highly sensitive Adjustable

Field capacity ufc Soil type Sensitive Adjustable
Rainfall–runoff Soil layer thickness z Soil type Sensitive Adjustable

Saturated hydraulic
conductivity

Ks Soil type Highly sensitive Adjustable

Soil coefficient b Soil type Sensitive Adjustable
Flow direction Fd Landform Highly sensitive Nonadjustable
Slope S0 Landform Highly sensitive Nonadjustable
Bottom slope Sp Landform Sensitive Adjustable
Bottom width Sw Landform Sensitive Adjustable
Slope roughness n Landform and

Vegetation type
Sensitive Adjustable

Channel roughness n1 Landform and
Vegetation type

Sensitive Adjustable

Underground river Depletion
coefficient

v Landform and Soil
type

Moderately sensitive Adjustable

Slope of the water
storage content
and flow curve

K Landform Highly sensitive Adjustable

Proportion of the
flow

x Landform Highly sensitive Adjustable
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3) Watershed division and extraction of KHRUs in the KL
model are performed. In the study area, the entire karst
watershed can be divided into 147 500 KHRUs, including
134200 slope cells and 13 300 river cells. The hydrologi-
cal processes in the model, including the calculation of
evaporation, runoff generation and confluence, are calcu-
lated for these KHRUs.

4) The forecasted precipitation results are imported into the
KL model to couple meteorological models with hydro-
logical models.

5) Model parameter calibration, flood simulation and pre-
diction effect verification and uncertainty analysis are
performed.

In this study, the WRFModel was adopted to forecast precipi-
tation with a 96-h lead time in karst regions, and then it was cou-
pled with the KL model to predict karst flood processes. In the
coupled model setup, to predict the flood process after 96 h, we
need to assume or determine some initial forecast conditions,
which are divided into relatively fixed variables and variable fac-
tors. The former factors include DEM, soil type and land use
data, and they are assumed to remain constant after 96 h, while
the latter factors mainly include the precipitation forecast results
obtained by the WRF Model, the antecedent soil moisture, etc.,
factors that will change over time.

In the coupled model, we roughly predicted the floods after
96 h, and to reduce the uncertainty of the forecast effects, it
was ensured that the flood process changed only with the pre-
cipitation and antecedent soil moisture content while the
remaining factors remained unchanged. First, the WRF
Model was adopted to forecast the precipitation data up to 96
h later. Second, the initial antecedent soil moisture content
was determined through model trials (as mentioned above).
Then, the soil moisture after 96 h was calculated through con-
tinuous rolling prediction of flood processes from the begin-
ning (where time 5 0). Third, the soil moisture and WRF
rainfall were updated hourly, and the DEM, soil type and
land use data remained unchanged in hourly flood prediction.
Finally, the flood process was predicted after 96 h by the cou-
pled model (WRF Model coupled with the KL model) in the
study area. To evaluate the flood prediction capability of the
coupled model in a more refined way, we performed the pre-
diction method in two ways for the collected flood processes.
The first approach was to predict each of the five floods using
the coupled model and reset the initial prediction conditions
and parameters, including the initial soil moisture content and
river baseflow, before the start of each flood. In the second
method, all floods were predicted as a whole, and the initial
conditions were only set once at the beginning of the predic-
tions. Then, the forecast performance of the coupled model
was evaluated by comparing the prediction effects of the two
prediction methods.

b. Parameter optimization

A total of 20 model parameters in this KL model, including
the flow direction and slope, can be determined by the DEM
without calibration, so only the remaining 18 need to be opti-
mized. The initial values of some key hydrogeological

parameters in the model should be determined before optimi-
zation. For instance, the general scope and thickness of the
epikarst zone can be obtained through watershed surveys; the
distribution and flow direction of karst underground conduits
can be determined through tracing experiments; the storage
effect of karst aquifers on precipitation can be obtained
through infiltration tests; and the groundwater dynamics in
the area can be obtained through borehole pumping
experiments.

In the KL model, an improved chaos particle swarm optimi-
zation (ICPSO) algorithm (Chen et al. 2016) was adopted for
parametric optimization. Considering that the standard parti-
cle swarm algorithm (SPSO) tends to fall into local conver-
gence during parameter optimization of hydrological models,
we redesigned the iterative methods for the parameters of
the SPSO in our previous study (Li et al. 2021a) and increased
the number of chaotic perturbations to improve the activity
of the particles.

c. Model uncertainty analysis

In general, the model uncertainty in flood simulation and
forecasting mainly comes from 3 aspects (Krzysztofowicz 2014),
which include the uncertainty of model input data, the model
structure and its parameters (Teixeira Parente et al. 2019). In
the KL model, the input precipitation data were assessed to
analyze their uncertainty, which was mainly reflected in the arti-
ficial assessment of precipitation results predicted by the WRF
and PERSIANN-CCS models by using observed precipitation
data from rain gauges [Eqs. (1)–(3)]. In this study, the uncer-
tainty of the model structure was mainly reduced by improving
the Liuxihe model prototype (Chen 2009) and its rainfall–runoff
algorithms [Eqs. (4)–(7)] to develop the KL model. The struc-
ture and parameters of this KL model are relatively simple,
enabling little uncertainty in the model structure.

The uncertainty of the model parameters was evaluated in
detail. Parameter uncertainty analysis involved conducting a
parameter sensitivity analysis, for which a multiparametric
sensitivity analysis method (Choi et al. 1999) was modified
from the GLUE algorithm. The method used for parameter
sensitivity analysis is as follows:

NSE5 12

∑n
i5 1

Qi2Q′
i

( )2
∑n
i5 1

Qi2Q
( )2 , (9)

where NSE is the objective function value, i.e., the Nash–Sut-
cliffe coefficient; Qi and Q′

i are observation and simulation
water flows (m3 s21); Q is the average observation water flow
(m3 s21); and n is the observed period (h).

To analyze the parameter sensitivity, each individual
parameter was perturbed. The parameter sensitivity analysis
steps are as follows.

1) The initial conditions were set for model operation: the ini-
tial parameter range was set to [0.5, 2.5], the convergence
condition of the model iteration calculation was 1025, and
the Nash coefficient threshold was set to 85%.
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2) A total of 6000 parametric sequences were acquired via
the Monte Carlo method.

3) Floods were selected for parameter optimization, the
above 6000 parametric sequences were input into the
KL model, the model was run to simulate each flood,
and the Nash coefficient objective function value of each
simulation result was recorded.

4) The objective function values of these Nash coefficients
were compared with the previously determined threshold
of 85%. If the value of the objective function was below
85%, it was considered unacceptable; otherwise, it was
considered acceptable.

5) The degree of separation between acceptable values and
unacceptable values, which represents the sensitivity of
each parameter, was assessed. The separation degree
was described based on the Nash–Sutcliffe coefficient
(DNSE). To conveniently analyze the parameter sensitiv-
ity, a variable, SI, was set, with SI 5 12 |DNSE|. The
closer SI is to 1, the more sensitive the parameter.

5. Results

a. Precipitation results of three rainfall products

Three rainfall products, i.e., rain gauge precipitation, the
WRF QPF and PERSIANN-CCS QPE, were compared and
evaluated in this study area. The hourly precipitation data for

2008, 2009, 2011, 2012, and 2013 from these three products
are shown in Figs. 3–7.

Figures 3–7 show the precipitation results of the three rain-
fall products considering that the effect of future rainfall fore-
casts cannot be verified by historical data. To evaluate the
forecast results, we did not forecast the future rainfall in the
case analysis but “forecasted” the results of five historical
rainfall events. That is, supposed that at a certain time in the
past (0300 UTC 12 September 2008), we built a WRF Model
to forecast rainfall 96 h later. Then, we used PERSIANN-
CCS to estimate the rainfall at that time to compare the
effects of these three rainfall products.

The precipitation results in Figs. 3–7 show that the precipi-
tation distributions of these three rainfall products were quite
close to each other. Compared with the precipitation values
observed by the rainfall gauges, the WRF Model forecasted
larger precipitation values, while the PERSIANN-CCS model
estimated smaller precipitation results. Assuming that the
precipitation results of the rainfall gauges were the true pre-
cipitation results in the watershed, then the WRFModel over-
estimated precipitation, and the PERSIANN-CCS model
underestimated it, indicating that there are some errors in the
precipitation results predicted by these two meteorological
models. To further compare the precipitation results of these
three rainfall products, their statistical indicators are shown in
the following table.

FIG. 3. Comparison of the three rainfall products (2008): (a) rain gauge precipitation, (b) WRF QPF, and
(c) PERSIANN-CCS QPE.
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Table 2 lists the relative bias between the WRF QPF and
PERSIANN-CCS QPE and the rain gauge precipitation. The
average precipitation results of these three rainfall products
were similar. However, the WRF Model overestimated the
precipitation results, while the PERSIANN-CCS model
underestimated them; thus, the relative bias was positive
between the WRF QPF and rain gauge precipitation and neg-
ative between PERSIANN-CCS and rain gauge precipitation.
None of these relative errors exceeded 20%, which is accept-
able in practical hydrological forecasting (the local hydrologi-
cal component requires an error threshold of 25%). The
average value of the relative error between the WRF QPF
and rain gauge precipitation (13.44) was slightly smaller than
that between PERSIANN-CCS and rain gauge precipitation
(215.64).

The RMSE and R are shown in Table 2. The RMSE and
R of the WRF QPF were slightly better than those of
PERSIANN-CCS; the average RMSE was 2.40 for the WRF
Model and 2.79 for PERSIANN, meaning that the average
error magnitude between the WRF-forecasted rainfall and
rain gauge–determined rainfall was smaller, and their average
R values were very similar (0.79 for the WRF and 0.76 for
PERSIANN), meaning that the forecasted rainfall values
were in good agreement with the observed rainfall values.

b. Results of parameter optimization

Optimization of the hydrological model parameters based
on historical precipitation and flow data in the study area is

important for subsequent flood process simulation and fore-
casting and is equivalent to an essential training process to
describe a local hydrological cycle (Chen 2009, 2018). In this
study, an ICPSO algorithm was used to optimize the parame-
ters of the KL model. In this study area, 18 flood events from
2005 to 2013 were adopted to validate the KL model effects
on the karst flood simulation. Among them, the continuous
flood processes at the beginning were used for parameter cali-
bration, while the rest were used for model validation. The
parameter evolution process in parameter optimization is
shown in Fig. 8.

In Fig. 8, the evolution process of the parameters was vola-
tile in the beginning. After approximately 20 cycles, evolution
leveled and became steady after 40 cycles, indicating that the
optimization had converged. The ICPSO algorithm had excel-
lent computational efficiency and was suitable for the study of
the complex and multitudinous parameter optimization of dis-
tributed hydrological models. The thicknesses of the lines in
Fig. 8 indicate the sensitivities of the parameters.

To test the effect for parameter optimization in the two
models, continuous flood processes in the beginning
(2005–07) were used for parameter calibration based on the
ICPSO algorithm. The flood simulation effects from the two
models through parameter optimization are shown in Fig. 9.

The data in Fig. 9 show that the simulated karst flood process
effects from the KLmodel for these floods were better than those
produced by the Liuxihe model, especially for simulation flood
peaks. Six evaluation indices, i.e., the Nash coefficient, water

FIG. 4. As in Fig. 3, but for 2009.
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balance coefficient, correlation coefficient, flood peak error, flood
process error, and peak time error, are shown in Table 3.

From the results in Table 3, the values of these six evalua-
tion indices for the flow process (September 2005–June 2007)
simulation by the KL model were 0.94, 0.92, 12, 8, 0.94, and
22 h. For the Liuxihe model, the values were 0.68, 0.72, 24,
38, 0.69, and25 h. Clearly, the improved KL model produced
much better flood process simulation effects than the Liuxihe
model. This showed that the improvement of the model in
this study is effective, and the ICPSO algorithm is feasible for
parameter optimization.

c. Model improvement validation

The flood simulated effects from the Liuxihe and KL mod-
els were compared to test the model improvement in this
paper, for which 18 flood processes from 2005 to 2013 were
collected. The six evaluation indices for simulated floods are
calculated in Table 4.

The simulation results in Table 4 show that all six evaluation
indices of the KL model were much better than those of the
Liuxihe model, for which the average Nash coefficient, correla-
tion coefficient, and water balance coefficient increased by 0.24,
0.19, and 0.20, respectively, while the average value of the flood
process error, flood peak error, and time error of peak flow
decreased by 13%, 11%, and 2 h, respectively. Therefore, the
performance of the model was greatly strengthened, the reli-
ability was improved, and the simulation errors were reduced,
implying that the improvement of this KL model in this study
was necessary.

d. Coupled model validation in flood simulation and
prediction

Three types of precipitation products were employed, includ-
ing precipitation data from rain gauges, PERSIANN-CCS QPE
and the WRF QPF, to test their performance by coupling with
the KL model in flood simulation and prediction in karst regions,
for which the flood processes from 2008 to 2013 were simulated,
and the simulation effects are shown in Fig. 10 and Table 5.

Validation of the meteorological models coupled with the
KL model in this study was divided into forecast validation
and simulation validation. The WRF Model forecasted pre-
cipitation after 96 h, and the lead time of flood prediction was
96 h when the coupled WRF Model and KL model were used
to forecast the flow process. While there is no such lead time
in precipitation determination by PERSIANN-CCS and rain
gauges, validation of PERSIANN-CCS coupled with the KL
model was used for flood simulations.

From Fig. 10, the flood effects simulated with precipitation
data of rain gauges were the best; in particular, the simulated
flood peak values were close to the observed peak values. The
flood-simulated effects of PERSIANN-CCS were slightly bet-
ter than those of the WRF QPF. In summary, the karst flood
results simulated with these three precipitation products were
all good and acceptable.

In Table 5, the averages of the Nash coefficient, correlation
coefficient, flood process error, flood peak error, coefficient of
water balance, and peak time error were 0.93, 0.91, 12%, 9%,
0.91, and24 h, respectively, for the rain gauge data; 0.86, 0.82,

FIG. 5. As in Fig. 3, but for 2011.
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18%, 15%, 1.06, and26 h, respectively, for the WRFModel; and
0.89, 0.87, 16%, 13%, 0.87, 25 h, respectively, for PERSIANN-
CCS. Therefore, the coupled model performance was as follows:
the coupling of rain gauge precipitation with the KL model per-
formed best, the coupling of the PERSIANN-CCS model with
the KL model performed second best, and the coupling of the
WRFModel with the KLmodel performed the worst.

In this study, the WRF QPF was coupled with the KL
model to predict the flood processes after 96 h. There were
five flow processes, and the time range of the observed histori-
cal flow process was from 0300 UTC 12 September 2008 to
1400 UTC 1 September 2013. To compare the flood-predicted
effects, we predicted the flow at the given moment (0300
UTC 12 September 2008, 0000 UTC 9 June 2009, 0000 UTC 1
June 2011, 0000 UTC 2 June 2012, and 1400 UTC 1 September
2013) 96 h in advance. There are two prediction methods in
this study. The first was to predict each of the five floods and
reset the initial prediction conditions before the start of each
flood. The flood-predicted effects are shown in Fig. 11. The
evaluation indices are listed in Table 6.

In Fig. 11a, the predicted flow process 2008091203 was the first
flood, and before the first flood prediction, the initial conditions
were determined: the initial soil moisture content was set to 55%
of the saturated moisture content after trial model calculations,
and the river base flow was approximately 1800 m3 s21. The pre-
dicted result showed that the predicted peak flow and the overall
flow process were basically in agreement with the observed val-
ues, but the predicted effects were worse than those of the simu-
lated flows. Compared with the observed values, the predicted
flow process was smaller, as reflected in the predicted peak

flow error of 219% and the water balance coefficient of 0.76.
In the beginning of the second flood prediction (Fig. 11b), the
saturated water content, with an initial soil water content of
72%, was recalculated, and the predicted result of this flood
was larger than that of the observed flow process (the error of
the predicted flood peak flow was 20%, and the water balance
coefficient was 1.12).

In the third flow prediction (Fig. 11c), the initial water con-
tent was recalculated to be 61%, and the forecast result of the
third field was greater than the observed value (the error of
the predicted flood peak flow was 21%, and the water balance
coefficient was 1.08). In Fig. 11d, the initial soil water content
was 49%, and the predicted result was also greater (the fore-
cast error of flood peak flow was 20%, and the water balance
coefficient was 0.83). In Fig. 11e, the initial soil water content
was 45%, and the predicted result was less than the observed
value (the predicted peak flow error was 222%, and the
water balance coefficient was 0.79).

In general, the predicted peak flow and the overall flow pro-
cess were close to the observed values. However, the predicted
effects were worse than the simulated effects. Table 6 lists the
evaluation indices for flood process predictions. In Table 6,
the averages of the Nash coefficient, correlation coefficient,
flood process error, flood peak error, coefficient of water bal-
ance, and peak time error were 0.86, 0.82, 18%, 15%, 1.06, and
26 h, respectively, for the flow simulated by the coupled
model and 0.78, 0.77, 23%, 20%, 1.04, and 29 h, respectively,
for the flow predicted by the coupled model. These evaluation
indices indicated that the effects predicted by the coupled
model were worse than those of simulations.

FIG. 6. As in Fig. 3, but for 2012.
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The second prediction method predicted all of the flood
processes as a whole, and the initial conditions were only set
once in the beginning of the predictions. Figure 12 shows the
predicted effect of the entire flood process. To compare the
effects of the two prediction methods, we plot their predicted
flood results in Fig. 12. In addition, their evaluation indices
are listed in Table 7.

In Fig. 12, the initial prediction conditions for the two pre-
dicted methods were the same, and the flow process prediction
results obtained by the two predicted methods were basically in
agreement with the observed values. However, the prediction
results of method 1 were better than those of method 2. Com-
pared with the predicted flow in method 1, the predicted flood
peak errors of method 2 were larger. Especially for the

FIG. 7. As in Fig. 3, but for 2013.

TABLE 2. Comparison of the statistical indices of the three kinds of rainfall products.

Floods Rainfall products Average rainfall (mm) RBias (%) RMSE R

2008091203 Rain gauge precipitation 6.70
WRF QPF 7.75 15.67 1.05 0.82
PERSIANN-CCS QPE 5.38 219.70 1.32 0.79

2009060900 Rain gauge precipitation 25.20
WRF QPF 27.80 10.32 2.60 0.75
PERSIANN-CCS QPE 21.60 214.29 3.60 0.71

2011060100 Rain gauge precipitation 18.60
WRF QPF 21.20 13.98 2.60 0.78
PERSIANN-CCS QPE 16.30 212.37 2.30 0.81

2012060200 Rain gauge precipitation 23.50
WRF QPF 27.05 15.11 3.55 0.82
PERSIANN-CCS QPE 19.35 217.66 4.15 0.76

20130901140 Rain gauge precipitation 15.30
WRF QPF 17.50 14.38 2.20 0.79
PERSIANN-CCS QPE 12.70 216.99 2.60 0.75

Average value Rain gauge precipitation 17.86
WRF QPF 20.26 13.44 2.40 0.79
PERSIANN-CCS QPE 15.07 215.64 2.79 0.76
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continuous multipeak flood process, the predicted results of the
initial flood peak flow were smaller, and the subsequent pre-
dicted flood peak flow was larger. The overall flow process-pre-
dicted effect was inferior to that predicted by method 1.

In Table 7, the averages of the Nash coefficient, correlation
coefficient, flood process error, flood peak error, coefficient of
water balance, and peak time error were 0.78, 0.77, 23%, 20%,
1.04, and 29 h, respectively, for prediction method 1 (predicted
Q/WRF1) and 0.72, 0.73, 31%, 23%, 0.89, and 212 h, respec-
tively, for prediction method 2 (predicted Q/WRF2). Obviously,

the flow process prediction results of method 2 were worse, indi-
cating that the entire flow process predicted effects were worse
than those of the separate predictions for each flood.

6. Discussion

a. Uncertainty analysis

The uncertainty of the input data, the model structure
and the parameters of the hydrological model lead to

FIG. 8. Parameter evolution results.

FIG. 9. Flood simulation effects on parameter optimization.
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uncertainty in the final simulation results (Krzysztofowicz
2014). In this study, the uncertainty in the input data is
mainly due to the error in the precipitation results fore-
casted by the meteorological models. By evaluating the
precipitation forecast results based on rain gauge precipi-
tation data [Eqs. (1)–(3)], the uncertainty in the precipita-
tion input data from PERSIANN-CCS and WRF QPF
modeling can be analyzed and compared. The rainfall fore-
cast results of the meteorological models were close to the

observed values (as shown in Figs. 3–7; Table 2), which
indicated that the forecast precipitation results of the two
meteorological models had little uncertainty, and the two
meteorological models selected in this study to forecast
rainfall in karst areas were feasible.

It is difficult to eliminate uncertainty related to the model
structure because as a mathematical model, the hydrological
model must have some systematic error (Teixeira Parente
et al. 2019). In this study, the uncertainty related to the

TABLE 3. Flood simulation evaluation indices from parameter optimization.

Flow process Model types Nash coefficient
Correlation
coefficient

Process
relative error

(%)

Peak flow
relative error

(%)
Coefficient of
water balance

Peak time
error (h)

Sep 2005–Jun
2007

Liuxihe 0.68 0.72 24 38 0.69 25
KL 0.94 0.92 12 8 0.94 22

TABLE 4. Flood simulation evaluation indices for model validation.

Floods Model types Nash coefficient
Correlation
coefficient

Process
relative error

(%)

Peak flow
relative error

(%)
Coefficient of
water balance

Peak time
error (h)

2007080808 Liuxihe 0.62 0.68 31 34 0.79 25
KL 0.91 0.86 13 10 0.93 24

2007091805 Liuxihe 0.64 0.78 34 32 0.68 25
KL 0.89 0.92 12 9 0.79 23

2008051502 Liuxihe 0.71 0.61 34 29 0.73 24
KL 0.92 0.91 18 11 0.84 22

2008071400 Liuxihe 0.72 0.68 30 33 0.71 25
KL 0.93 0.93 13 12 0.93 24

2008091203 Liuxihe 0.61 0.74 25 35 0.74 25
KL 0.91 0.93 15 11 0.95 22

2009051510 Liuxihe 0.61 0.79 26 37 0.67 26
KL 0.87 0.91 15 15 0.89 25

2009061212 Liuxihe 0.65 0.67 25 30 0.57 26
KL 0.94 0.87 18 14 0.91 23

2009071505 Liuxihe 0.69 0.64 25 34 0.64 25
KL 0.89 0.92 16 12 0.90 24

2009092610 Liuxihe 0.64 0.78 27 28 0.75 25
KL 0.92 0.88 14 10 0.92 22

2010060680 Liuxihe 0.62 0.77 24 25 0.64 25
KL 0.90 0.93 17 9 0.84 24

2010070302 Liuxihe 0.66 0.61 25 38 0.66 26
KL 0.89 0.90 13 14 0.93 23

2010080400 Liuxihe 0.65 0.70 27 32 0.70 27
KL 0.89 0.87 16 15 0.90 25

2011070805 Liuxihe 0.62 0.78 31 37 0.75 25
KL 0.87 0.91 15 12 0.91 23

2011080910 Liuxihe 0.74 0.67 28 31 0.66 25
KL 0.94 0.92 19 13 0.92 23

20120609080 Liuxihe 0.72 0.78 27 33 0.77 24
KL 0.93 0.90 14 11 0.88 22

20120812080 Liuxihe 0.69 0.64 25 35 0.76 26
KL 0.92 0.89 13 10 0.87 24

20130802205 Liuxihe 0.68 0.73 30 26 0.74 26
KL 0.91 0.89 15 12 0.92 23

20130901140 Liuxihe 0.69 0.82 27 37 0.77 25
KL 0.93 0.92 17 13 0.90 24

Average value Liuxihe 0.67 0.71 28 33 0.70 25
KL 0.91 0.90 15 12 0.90 23
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FIG. 10. Flood results simulated by the coupled models: (a) flow 2008091203; (b) flow 2009060900; (c) flow
2011060100; (d) flow 2012060200; and (e) flow 20130901140.
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model structure was reduced by improving the Liuxihe
model structure (Chen 2009) and the runoff generation and
confluence algorithm during the development of the KL
model. The improved KL model has a simpler structure
than other karst hydrological models, and there are only
three layers in the subsurface vertical structure, including
the soil layer, rock stratum, and underground river system,
resulting in relatively little uncertainty in the model struc-
ture. The KL model worked better in flood simulations than
the Liuxihe model (as shown in Table 4), indicating that the
improvement of the KL model in this study was reasonable
for the studied basin.

The parameter uncertainty analysis of the coupled model
(coupling the PERSIANN-CCS QPE and WRF QPF with the
KL model) was evaluated in detail in this study, and a multi-
parametric sensitivity analysis method [Eq. (9)] was adopted
to calculate the sensitivity of each parameter in the coupled
model. The sensitivity analysis results based on the calculation
results of the SI are shown in Table 8.

From Table 8, the parameters related to soil moisture and
permeability, including saturated water content, saturated
hydraulic conductivity, and specific yield, were highly sensi-
tive parameters. Among them, saturated water content had
the largest SI value, indicating that it was the most sensitive
parameter in the coupled model and that it had the greatest
impact on the model performance in flood simulations. The
parameters related to evaporation and subsurface runoff
regression processes were insensitive; for example, the poten-
tial evaporation and depletion coefficient had little influence
on the flood simulation results, which means that the water
consumed by evapotranspiration and the regression process
of karst groundwater accounted for a small percentage of the
total flood volume. This was also consistent with the actual sit-
uation in the basin.

In Table 8, the order of the sensitivity of the parameters in
the KL model is as follows: 1) saturated water content, 2) satu-
rated hydraulic conductivity, 3) specific yield, 4) field capacity,
5) slope of the water storage content and flow curve, 6) macro-
crack volume ratio, 7) proportion of the flow, 8) soil layer thick-
ness, 9) thickness of the karst aquifer, 10) soil coefficient, 11)
bottom width, 12) bottom slope, 13) slope roughness, 14) chan-
nel roughness, 15) evaporation coefficient, 16) depletion coeffi-
cient, 17) potential evaporation, and 18) wilting percentage.

b. Simulation performance evaluation of the coupled
model

The flood effects simulated by the coupled models (coupled
rain gauge precipitation, PERSIANN-CCS QPE and WRF
QPF with the KL model) in Fig. 10 and Table 5 show that the
performances of the coupled models in flood simulations were
satisfactory. Coupling the rain gauge precipitation with the KL
model worked better than the PERSIANN-CCS QPE or WRF
QPF. This is because the observed precipitation error of the
rain gauges was less than the errors of the two meteorological
models. However, it is difficult to obtain representative precipi-
tation results due to the scarcity of surface rainfall gauges in
karst areas, especially in mountainous karst areas in Southwest
China (Li et al. 2019). Therefore, the two meteorological mod-
els were used and assessed in this study to obtain the effective
precipitation results in the karst basin. Then, they were coupled
with the hydrological model to simulate karst floods, and rea-
sonable flood simulation results demonstrated the performance
of the coupling model. Thus, the two meteorological models in
this study can be used to forecast the effective precipitation
results for flood prediction in other uninformed areas, especially
in mountainous karst areas where rainfall gauges are lacking.

The results in Fig. 10 and Table 5 show that the flood
effects simulated by the coupled model were all satisfactory.

TABLE 5. Evaluation indices for flood process simulations.

Flood
processes

Rainfall
types

Nash
coefficient

Correlation
coefficient

Process
relative
error

Peak flow
relative
error

Coefficient
of water
balance

Peak time
error (h)

2008091203 Rain gauge 0.94 0.92 12 11 0.92 23
WRF 0.86 0.80 20 13 0.96 27
PERSIANN 0.87 0.86 18 15 0.89 24

2009071505 Rain gauge 0.93 0.90 17 10 0.88 22
WRF 0.84 0.81 20 14 1.04 24
PERSIANN 0.89 0.85 22 12 0.83 23

2011080910 Rain gauge 0.93 0.90 16 8 0.95 27
WRF 0.88 0.81 20 18 1.06 26
PERSIANN 0.89 0.85 19 16 0.92 26

20120812080 Rain gauge 0.91 0.89 8 9 0.87 26
WRF 0.88 0.81 15 16 1.13 28
PERSIANN 0.90 0.87 10 13 0.83 24

20130901140 Rain gauge 0.93 0.92 7 6 0.90 24
WRF 0.84 0.83 16 15 1.10 26
PERSIANN 0.88 0.89 12 11 0.85 24

Average
value

Rain gauge 0.93 0.91 12 9 0.91 24
WRF 0.86 0.82 18 15 1.06 26
PERSIANN 0.89 0.87 16 13 0.87 25
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The flow process they simulated was basically consistent with
the observed process. Compared with simulated flood effects
from coupling the WRF QPF with the KL model, the effects
of the coupled model with PERSIANN-CCS QPE were
slightly better. However, the precipitation results estimated

with PERSIANN-CCS have no lead time (same as the precip-
itation observed by rain gauges), so they can only be used for
historical flood inversion, not flood forecasting. The WRF
Model can provide a lead time of 96 h for precipitation fore-
casting. This is important for flood control and flood damage

FIG. 11. Flood results predicted by coupling WRF with the KL model: (a) flow 2008091203; (b) flow 2009060900;
(c) flow 2011060100; (d) flow 2012060200; and (e) flow 20130901140.
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mitigation because it provides a sufficient response time for
the safe relocation of people and property before flooding
occurs.

The reasonable flood process simulation effects in Fig. 10
and Table 5 indicated that coupling these 2 meteorological
models with the KL model was feasible. In addition, the
flood detention effect caused by karst depressions (i.e., sink-
holes) in the basin and the water exchange between the
slow fissure flow and rapid conduit flow in the unsaturated
epikarst zone were calculated in the KL model [Eq. (7)] to
describe the actual karst flood evolution process. Thus, the
water balance calculation was credible, and the average val-
ues of the water balance coefficients for the rain gauge,
PERSIANN-CCS model and WRF Model data were 0.91,
1.06, and 0.87, respectively (Table 5).

Compared with the flood effects simulated by the Liuxihe
model in Fig. 9 and Table 4, the results simulated by the KL
model were much better, which was mainly reflected in the
overall simulated flow process, and the peak flow was very
close to the observed values. This indicated that the improve-
ment of the Liuxihe model and the development of the KL

model in this study were effective. Because the underground
structure is not stratified in the Liuxihe model, there is only
one vertical structure layer (Li et al. 2019, 2021a), which may
not effectively represent the spatially anisotropic structure of
the karst aquifer. In addition, a linear reservoir method was
used to describe the groundwater runoff confluence in the
Liuxihe model (Chen et al. 2016), but the groundwater conflu-
ence in the complex karst water-bearing medium was nonlin-
ear. Therefore, the flood effect simulated by the Liuxihe
model was not as good, while it became much better after the
model was improved in the KL model (as shown in Fig. 9 and
Table 4). This is because we increased the number of layers of
the model underground structure (there are three layers of
the subsurface vertical structure in the KL model: the soil
layer, rock stratum and underground river system) and
improved the algorithms of rainfall–runoff processes [Eqs.
(4)–(7)].

c. Prediction performance evaluation

The karst flood predicted by coupling the WRF Model
with the KL model was divided into two ways in this study.

TABLE 6. Evaluation indices for flood process predictions.

Flood
processes

Coupling WRF
with the KL

model
Nash

coefficient
Correlation
coefficient

Process
relative

error (%)

Peak flow
relative

error (%)

Coefficient
of water
balance

Peak time
error (h)

2008091203 Simulated flow 0.86 0.8 20 13 0.96 27
Predicted flow 0.76 0.75 27 219 0.76 29

2009060900 Simulated flow 0.84 0.81 20 14 1.04 24
Predicted flow 0.79 0.76 23 20 1.12 28

2011060100 Simulated flow 0.88 0.81 20 18 1.06 26
Predicted flow 0.77 0.78 25 21 1.08 29

2012060200 Simulated flow 0.88 0.81 15 16 1.13 28
Predicted flow 0.75 0.77 21 20 1.17 210

20130901140 Simulated flow 0.84 0.83 16 15 1.1 26
Predicted flow 0.81 0.79 21 222 1.05 29

Average value Simulated flow 0.86 0.82 18 15 1.06 26
Predicted flow 0.78 0.77 23 20 1.04 29

FIG. 12. Entire flood process predicted by coupling WRF with the KL model.
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In general, the flood prediction results obtained by the two
prediction methods were good and were basically consistent
with the observed values (as shown in Figs. 11 and 12; Tables 6
and 7). Five separate floods were predicted in prediction
method 1 so that the initial prediction conditions (soil mois-
ture, river baseflow, etc.) can be adjusted in time for the effect
of the previous forecast, resulting in a more reliable baseline
for the next flood prediction, and the predicted results are
closer to the observed values (Fig. 11; Table 6).

Compared with the prediction results in method 1, the con-
tinuous flood prediction result obtained by method 2 was worse.
This was because method 2 treated all floods as a unified contin-
uous flood for predictions and can only assume general pre-
dicted initial conditions in the beginning, and once these initial
values are set, they are not adjusted in the subsequent succes-
sive rolling prediction. Such a treatment will lead to the inability
to adjust the predicted conditions and parameters in time based
on the effects of previous flood prediction on subsequent flood
forecasts, and the prediction results are relatively poor (Fig. 12;
Table 7). However, prediction method 1 is simple to operate
and does not require repeated adjustment of the model trial cal-
culation. It is a much easier and simpler prediction method. In
contrast, prediction method 2 is a more accurate flood

prediction method, but its operation is cumbersome, and it
requires repeated adjustment of the initial environment and
prediction parameters.

Comparing the flood prediction effects with the simula-
tion effects obtained by the coupled model in this study,
the flood prediction results obtained by both prediction
method 1 and method 2 were inferior to the simulation
values (as shown in Table 6; Fig. 11). This is also easy to
understand and accept. As a mathematical and physical cal-
culation tool, hydrological models can always achieve flood
simulation effects by model settings or parameter optimiza-
tion to achieve more accurate simulation results. However,
this is not the case for flood prediction; once the initial
conditions and parameter settings for prediction are deter-
mined, the subsequent prediction process does not require
much manual intervention. As a result, the uncertainty of
flood prediction is obviously greater than that of flood simu-
lation, which leads to worse flood prediction effects than
flood simulation effects.

In general, the overall flood prediction in this study was
also acceptable: the predicted average peak flow relative
error % values were 20% for prediction method 1 and 23%
for method 2 (Table 7), and were below the 25% threshold
required by the local flood control authorities. The pre-
dicted average coefficient of water balance was 1.04 for
method 1 and 0.89 for method 2, which were also closer to
the actual values of 1. This result indicated that the use of
the WRF Model coupled with the KL model for flood pre-
diction in karst areas was feasible in this study.

7. Conclusions

It is difficult to quantitatively simulate and predict flood
processes in karst basins based on hydrological models due
to complicated hydrogeological features. This study
improved the terrestrial Liuxihe model to develop a new
KL model and coupled it with the forecasted precipitation
results from the PERSIANN-CCS and WRF Models to
simulate floods in the Liujiang karst basin. The main con-
clusions are as follows.

1) The precipitation distributions of the three rainfall
products were basically the same (the evaluation indi-
ces of RBias, RMSE, and R were close to each other),
and the precipitation results from the WRF Model
and PERSIANN-CCS were close to those of the rain
gauges. However, the results of the WRF QPF were

TABLE 8. Parameter sensitivity results of the coupled model.

Parameter names
Flow process

(Sep 2005–Jun 2007)

Wilting percentage 0.08
Specific yield 0.89
Potential evaporation 0.15
Evaporation coefficient 0.31
Saturated water content 0.92
Macro crack volume ratio 0.81
Field capacity 0.85
Soil layer thickness 0.75
Slope of the water storage content

and flow curve
0.83

Soil coefficient 0.67
Bottom slope 0.45
Bottom width 0.64
Slope roughness 0.42
Channel roughness 0.39
Depletion coefficient 0.24
Saturated hydraulic conductivity 0.90
Proportion of the flow 0.77
Thickness of the karst aquifer 0.71

TABLE 7. Evaluation indices for the two prediction methods.

Flood
processes

Predicting
method

Nash
coefficient

Correlation
coefficient

Process
relative
error %

Peak flow
relative
error |%|

Coefficient
of water
balance

Peak time
error (h)

2008091203 Predicted
Q/WRF1

0.78 0.77 23 20 1.04 29

Predicted
Q/WRF2

0.72 0.73 31 23 0.89 212
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greater than those of the rain gauges (RBias of
13.44%), while the results of PERSIANN-CCS QPE
were less than those of the rain gauges (RBias of
215.64%). In general, the rainfall forecast results
based on the two meteorological models in this study
were reliable (Rbias was less than the threshold value
of 20% required by the local meteorological
department).

2) The ICPSO algorithm was feasible for parameter optimi-
zation; the efficiency of parameter calibration was very
high, and convergence was obtained after approximately
40 cycles. The model worked well in karst flow process
simulation through parameter optimization. Thus, the
ICPSO algorithm was suitable for the optimization of
complex and multitudinous parameters in distributed
hydrological models.

3) Upon comparing the simulated effects of flood processes
based on the improved KL model and Liuxihe model,
those produced by the KL model were much better. The
average Nash coefficient, correlation coefficient, and
water balance coefficient increased by 0.24, 0.19, and
0.20, respectively, and the average values of the flood
process error, flood peak error, and peak time error
decreased by 13%, 11%, and 2 h, respectively. Hence,
the development of the KL model was effective.

4) The karst flood processes simulated and predicted by the
coupled model were satisfactory, indicating that coupling
the WRF Model and PERSIANN-CCS model with the
KL model was effective. The flood effects simulated by
coupling the KL model with rain gauge precipitation
were the best, while the effects achieved by the PER-
SIANN-CCS model were slightly better than those
achieved with the WRF Model. However, the coupled
model with the PERSIANN-CCS model has no flood
forecast period, while coupling the WRF Model with the
KL model provides an adequate amount of time (up to
96 h) for flood warning and flood damage mitigation. In
addition, the flood effects predicted by coupling the
WRF Model with the KL model were basically in agree-
ment with the observed values. The prediction effects of
prediction method 1 were better than those of method 2,
while both the predicted average peak flow relative
errors were less than the acceptable limits of 25%, indi-
cating that the coupled model can be used in karst flood
predictions.

5) The parametric sensitivity results indicated that the
parameters related to soil water content and rock per-
meability were highly sensitive in the coupled model
and had a great influence on the model performance.
The parameters related to evapotranspiration and the
regression process of subsurface runoff were insensitive,
indicating that they had little influence on the simulated
flood simulation results.

6) The reasonable simulated flood results showed that the
improved KL model is suitable for karst areas and has a
high potential for application in karst hydrological process
simulation and forecasting. Compared with other karst
groundwater distributed models, which may require large

amounts of modeling data due to the complexity of the
structures and parameters (Kovacs and Perrochet 2011),
the relatively simple structure of the KL model decreases
the modeling data volume and model uncertainties in karst
areas. The next step of our research will focus on applying
the KL model to more mountainous karst regions lacking
rainfall gauges, testing the performance by coupling the
WRF Model and PERSIANN-CCS model with the KL
model in karst flood simulation and forecasting, and
improving the structure and algorithms of the coupled
model based on application feedback effects to improve its
accuracy.
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