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Abstract: It is of great challenge to accurately predict flash floods for small to medium catchments
(SMC) in mountainous areas, for which parameter calibration strategies are crucial for model
performance. This study investigates the influence of calibration parameter selection on flash
flood simulations using a rainfall–runoff model, MISDc-2L (Modello Idrologico Semi-Distribuito in
continuo–2 layers), at hourly scale for SMC in the Huai River basin of China over the 2010–2015 period.
We investigated model performances under different calibration schemes, where different amounts of
model parameters were selected for the calibration procedure. The model clearly performed better in
the case involving calibration of partial sensitive parameters than that of a full parameter set with
respect to the peaks, the hydrographs and the base-flow of flood simulation, especially after including
maximum water capacity (W_max) in the calibration. This finding was consistently valid under
different model calibration experiments, including single event, “split-sample” test and combined
events at different flood magnitude levels. We further found that the model performed better for high
magnitude flood events than medium and low ones, but clear improvements can be achieved for
low and medium magnitude flood events with careful calibration parameter selection. Our study
suggests that calibration parameter selection is important for flash flood event simulations with the
MISDc-2L model for SMC in the Huai River basin of China; specifically, the reduction in calibration
parameter amount and the inclusion of W_max in calibration remarkably improve flood simulation.
Keywords: MISDc-2L model; flash flood simulation; calibration parameter selection; maximum water
capacity; small to medium catchment; Huai River basin

1. Introduction
In recent decades, flash floods have become one of the most severe natural hazards in the context
of global climate change [1,2]. Flash floods threaten human lives and properties worldwide with
potentially devastating consequences, giving rise to one third of all losses due to natural disasters [2–5].
Unfortunately, with increasing intense precipitation over highly saturated soils in mountainous terrain,
flash flooding events are likely to be more frequent over the globe [6]. However, the forecasting
and warning of flash floods of small-scale catchments in mountainous areas faces various challenges,
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which urgently calls for the development of effective models and calibration methods for predicting
flash floods [7].
Over past decades, numerous hydrological models with simple to complex structures were
developed as a useful tool to deal with flood simulation [8]. Hydrological models are classified as
lumped models and distributed models [9]. Distributed models consider the spatial distribution of
land surface features, e.g., the Digital Elevation Model (DEM) and land cover type, however, it has
a complex structure and requires intensive computation. Lumped models have a simple structure and
require low computation, which proves that they effectively simulate flood events in small catchments
(<2000 km2 ) [9–11]. Complex models do not always perform better than simple ones [8,9,11–14].
Boithias et al. [12] reported that the lumped SWAT model and distributed MARINE model equally
satisfactorily simulated flood events, and Li et al. [13] found that the distributed SWAT model and
lumped XAJ (Xin’anjiang) model performed sub-daily simulation fairly in small catchments. Similarly,
Huang et al. [14] reported that the distributed HBV model does not outperform the lumped HBV
model. These authors stated that increasing spatiality in the model structure is not the main reason
to improve model performances but the rainfall quality and quantity are the most important factors
influencing the simulation result [11,14].
To date, only a few models have been designed to simulate flash flood events, because it is difficult
to accurately describe runoff processes of flash events due to their short duration, fast recession and
the peak of discharge being sustained only for a few hours or a few minutes [15–17]. A couple of
studies have extended daily models to simulate floods at sub-daily and hourly time steps using existing
rainfall–runoff models, e.g., SWAT [12,13,18,19]. In contrast, the MISDc-2L model was designed
to simulate flood events at hourly time steps. It combines a soil water balance (SWB) model and
a semi-distributed event-based rainfall–runoff model (MISD) with a two-layer scheme for better
representation of the soil moisture state [20]. The MISDc-2L model is advantageous due to its simple
structure and low data requirements, and has been proven to effectively simulate flash floods at small
catchments in Italy, America and other European countries [20–26]. Nonetheless, the performance of
flood simulation varies with different environmental conditions, especially for mountainous areas [5,21].
Thus, it is necessary to examine the MISDc-2L capacity in different regions like China.
Although the MISDc-2L model has been applied in several study areas in the world, its parametric
uncertainties and its performances over other regions have not been analyzed. Previous works on
the calibration of MISDc-2L often operated with the full parameter set, which could have led to the
uncertainties in simulation. The uncertainty occurs where the values of the calibrated parameters do
not realistically reflect watershed characteristics or the equifinality of parameter sets endures due to
the value assignments of model parameters with multiple combinations [27,28]. The reduction in the
calibration parameter amount along with sensitivity analysis is known as a useful method to lessen
the computational consumption and uncertainties [29–31]. Gan et al. [31] reported that reducing the
number of parameters of the CREST (Coupled Routing and Excess Storage) model from 12 to 7 based
on sensitivity analysis improves the streamflow simulation. Moreover, several studies raised concerns
about sensitive characteristic of parameters, whereby sensitive parameters should be calibrated while
the insensitive parameter can be empirically set as a fixed value [32,33]. As one of the most sensitive
parameters, W_max dominates the infiltration process for small to medium catchments, which controls
the runoff generation in flood models [34]. However, W_max was set as a constant in previous studies
using the MISDc-2L model, according to the spatial distribution of the Curve Number values computed
from soil/land use characteristics and scaling factor based on the assumption about its variety in
space [21]. This value is empirically determined from flood events for the catchments in limited study
areas, but it may be inappropriate in other areas or catchments [35]. Hence, it is needed to assess the
impact of W_max calibration on flood simulation.
This study aims to investigate the influence of calibration parameter selection on flash flood
simulation for small to medium catchments with the MISDc-2L model in the Huai River basin of
China. We focus on three main research questions: (1) How effective is the MISDc-2L model for flash
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flood simulations at hourly time-steps in the Huai River basin of China? (2) Is the reducing of the
amount of calibration parameters favorable for streamflow simulation? (3) Does the inclusion of
parameter maximum water capacity on calibration lead to the improvement in flood simulations with
the MISDc-2L model? To address these questions, the paper is organized as follows: Sections 2 and 3
describe the study area, data and methodology including model structure and model constraining
strategies, Section 4 presents the results about model applicability with different calibration schemes,
and Section 5 includes the discussion and Section 6 provides conclusions.
2. Study Area
The study area, namely the Huangnizhuang catchment (31◦ 060 –31◦ 420 N, 115◦ 210 –115◦ 430 E,
805 km2 ) is located in the upstream section of Shiguan River, which is the first tributary of the Huai
Water
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4 of 21
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The upstream Shiguan River is a deep mountain area with deep valleys and steep slopes.
3. Data and Methods
The surrounding underlying surface is well covered by vegetation and is rich with granite and
gneiss.
Huangnizhuang catchment has a loose sand bed structure and strong water permeability.
3.1.
DataThe
Collection
It contains a complex topographical setting, including highly mountainous, hilly areas with a maximum
elevation
of 1495Data
m where the streamflow is very rapid, and a low alluvial plain where the drainage
3.1.1.
Discharge
network is well developed. It has different land cover properties; woodland accounts for 81.01% of the
Hourly discharge observations were collected from the Annual Hydrological Report produced
by the Bureau of Hydrology, Ministry of Water Resources, P. R. China, from 2010 to 2015. A total of
15 flood events were selected for this study and their main characteristics, e.g., duration, magnitude
of floods, peak of discharge and maximum rainfall, are summarized in Table 1.
The flood events were classified by different magnitude levels, namely low-magnitude flood,
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total catchment, wooded grassland covers 9.21%, temperate deciduous forest (3.92%), mixed-forest
(2.83%), and cropland and evergreen forest (3.01%). It has a monsoonal climate, which is affected
by the climate of the Huai River and 60–70% of the annual precipitation is concentrated in summer.
The mean annual air temperature is 11–16 ◦ C and the mean annual precipitation is around 1077 mm.
The precipitation in the rainy season from June to September accounts for almost 50–80% of annual
total and greatly varies from year to year. This area is a center of rainstorm. Favorable geographical and
climate characteristics, combined with heavy rain, commonly occur during drought seasons, causing
flash floods in the study area.
3. Data and Methods
3.1. Data Collection
3.1.1. Discharge Data
Hourly discharge observations were collected from the Annual Hydrological Report produced
by the Bureau of Hydrology, Ministry of Water Resources, P. R. China, from 2010 to 2015. A total of
15 flood events were selected for this study and their main characteristics, e.g., duration, magnitude of
floods, peak of discharge and maximum rainfall, are summarized in Table 1.
Table 1. Characteristics of the selected rainfall–runoff events for this study.
Event
No.

Single-Event
ID

Date of
Flood Start

Dates of
Flood End

Peak Discharge
(m3 /s)

Maximum
Rainfall (mm)

Magnitude Level of
Flood Events

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

20100608
20100611
20100719
20100902
20110618
20110624
20110810
20120613
20120809
20130624
20130706
20140704
20140831
20150626
20150809

08/06/2010
11/07/2010
19/07/2010
02/09/2010
18/06/2011
24/06/2011
10/08/2011
13/07/2012
09/08/2012
24/06/2013
06/07/2013
04/07/2014
31/08/2014
26/06/2015
09/08/2015

14/06/2010
15/07/2010
27/07/2010
09/09/2010
21/06/2011
28/06/2011
13/08/2011
17/07/2012
15/08/2012
28/06/2013
10/07/2013
07/07/2014
05/09/2014
03/07/2015
14/08/2015

216
944.06
405
220
1040
467.8
210
966.44
275.02
261.53
1628.5
734
281.7
239.1
560

22.4
37.1
36.3
69
29
49.5
34
44.5
18
33.5
47.5
34
26
20
53

Low
High
Medium
Low
High
Medium
Low
High
Medium
Medium
High
High
Medium
Low
High

The flood events were classified by different magnitude levels, namely low-magnitude flood,
medium-magnitude flood and high-magnitude flood (Table 1). High-magnitude floods are defined
as having a maximum discharge greater than 500 m3 /s, medium-magnitude floods are defined by
a maximum discharge from 250 m3 /s to less than 500 m3 /s, and low-magnitude floods are defined
by a maximum discharge of less than 250 m3 /s. The flood events were selected where each class of
flood magnitude levels had same pre-condition. The high-magnitude events were followed by the
medium-magnitude events, and the medium-magnitude ones were followed by low-magnitude ones.
3.1.2. Meteorological Data
The meteorological data required to force the MISD-2L model include precipitation and air
temperature in hourly time steps. Hourly ground-based rainfall data were collected for 14 rain-gauge
stations, with 8 stations situated inside of the catchment and 6 stations outside of the catchment
(Table 2, shown in Figure 1) from the Annual Hydrological Report. According to the number of stations,
the representative rainfall at the catchment was calculated from the rainfall gauge station data by the
inverse distance weighted (IDW) method with Python. Hourly air temperature data were collected from
the China Meteorological Administration (CMA) land data assimilation system (CLDAS) version 2.0,
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provided by the China Meteorological Data Service Center, which is available at http://data.cma.cn/.
The National Meteorological Information Center (NMIC) of the CMA developed the CLDAS by data
fusion and assimilation technology. In this study, we used the CLDAS air temperature data at hourly
temporal steps from 2010 to 2015. The air temperature for each event was generated by the IDW
interpolation method.
Table 2. Meteorological gauge stations at the upstream Shiguan River catchment.
Station ID

Station Name

Longitude (Degree)

Latitude (Degree)

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Chandang
Xihe
Guanmiao
Yinsha
Xuao
Wudian
Banzhuyun
Huangnizhuang
Mazongling
Qiaobianhe
Zimuhe
Huangbaishan
Baizhanping
Heihe

115.47
115.42
115.5
115.47
115.58
115.57
115.55
115.62
115.67
115.68
115.68
115.33
115.33
115.38

31.4
31.42
31.5
31.58
31.2
31.28
31.35
31.47
31.3
31.37
31.4
31.42
31.45
31.55

3.2. MISDc-2L Model
The MISDc-2L (Modello Idrologico Semi-Distribuito in continuo-2 layers) model was developed
from the one-layer MISDc model and the soil is subdivided into two zones, namely, the surface and root
zones [20,21]. Basically, there is no difference in model structure between the two versions, where the
model couples two components: a soil water balance (SWB) model and a semi-distributed event-based
rainfall–runoff model (MISD). In the context of the SWB model, the temporal evolution of soil water
includes two independent states, W1 and W2 , by which the water is extracted from the first layer
by evapotranspiration, which is calculated by a linear function between the potential evaporation,
estimated via the Blaney and Criddle relation modified by Doorenbos and Pruitt [36], and the soil
saturation. Subsequently, the percolation from the surface to the root zone layer is calculated via
a non-linear relation proposed by Famiglietti and Wood [37]. The reader is referred to Brocca et al. [38]
for a full description of the formula using in the SWB model. The MISD model is an event-based
rainfall–runoff model developed by Corradini et al. [39], which was spatially set-up in a lumped
way as described in following process: (1) the rainfall excess is calculated by the Soil Conservation
Service (SCS-CN) formula, which is used as a function of the first layer soil saturation; (2) base-flow is
a non-linear function of the soil moisture content of the third layer [40]. The runoff was generated
from different sources, such as the surface runoff, the saturation excess from the surface, the deep
layer and the sub-surface runoff component. The first two sources are calculated via estimation of
the losses and the Geo-morphological Instantaneous Unit Hydro-graph (GIUH), while the subsurface
runoff is calculated by a linear reservoir approach in the catchment and in the area draining directly
into the main channel. The lag time is estimated via the relationship proposed by Corradini et al. [41].
A detailed description of the modeling concept and the equations applied for each element in catchment
can be found in [20,21,38]. The parameters of the MISDc-2L model and their ranges are listed in Table 3.
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Table 3. Parameters of the MISDc-2L model.
Parameter

Description

Unit

Range of Variability

W_max
W_max2
W_p
m
m2
Ks
Ks2
γ
Kc
α

Maximum water capacity of the 1st layer
Maximum water capacity of the 2nd layer
Initial condition
Exponent of drainage for the 1st layer
Exponent of drainage for the 2nd layer
Hydraulic conductivity of the 1st layer
Hydraulic conductivity of the 2nd layer
Coefficient lag–time relationship
Parameter of potential evapotranspiration
Exponent of the infiltration relationship

mm
mm
/
/
/
mm/day
mm/day
/
/
/

50–700
300–4000
0–1
2–10
5–20
0.1–20.0
0.01–45
0.5–3.5
0.4–2
1–15

3.3. Sensitivity Test
In order to understand the sensitiveness of model parameters and model behaviors, we conducted
a local sensitivity analysis, where parameters’ values are varied 6 times with equal intervals within
the parameter boundaries. This operation was performed for each parameter and each single flood
event. The parameter sensitiveness was estimated by the mean of maximum difference of the 6 runs
averaged over time across all 15 events. We also performed sensitivity tests for the case including
the W_max parameter in calibration because W_max dominates the infiltration process in small to
medium catchments, which controls the runoff generation in flood models but it is not calibrated in the
MISDc-2L model by default [42]. The parameter value was set as a constant value of 150 by default in
previous studies, according to the spatial distribution of the Curve Number values were computed
from soil/land use characteristics and scaling factor based on assumptions about its variety in space
by experience and the specific catchments [21,43]. This parameter value was empirically determined
from flood events for the catchments in limited study areas and may be inappropriate in other areas or
catchments. Hence, it is necessary to assess the impact of W_max calibration on flood simulation.
Figure 2 shows the changes in simulation due to parameter sampling for both cases including or
excluding W_max for calibration. Among 10 given parameters, 5 parameters (γ, W_p, Ks, α, and Kc)
are sensitive, whereas 4 parameters (W_max2, Ks2, m and m2) are less sensitive or insensitive. For the
case calibrating W_max, it led to changes in the sensitiveness of other model parameters. For example,
Ks, γ, Kc became less sensitive while W_p became more sensitive. γ is the most sensitive parameter in
the case without W_max calibration, while W_p is the most sensitive parameter in the case including
W_max calibration. These differences can be explained by the fact that the W_max calibration influences
the relationship between variables of routine in water balance functions (e.g., main routine) and direct
runoff functions (e.g., dynamic parameter lag time).
We further investigated the influence on other parameters after including the W_max parameter
in the calibration by performing “split-sample” tests for calibration and validation scenarios (Figure 3).
The influence of W_max calibration on other parameters resulted in sensitiveness of parameter Ks,
and Ks2 strongly varied with the opposite trend compared to W_max. This means that W_max is
an important parameter in the MISDc-2L model, which substantially influences model performance,
and thus needs to be treated carefully.
We also investigated the influence of parameter range of W_max on calibration performance by
running model with changed W_max ranges for the low and the high boundary as 10~700 and 50~350,
respectively. It showed that range changes had relatively small impact on model performance, as the
calibrated values were not confined by boundaries.
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We further investigated the influence on other parameters after including the W_max parameter
in the calibration by performing “split-sample” tests for calibration and validation scenarios (Figure
3). The influence of W_max calibration on other parameters resulted in sensitiveness of parameter
Ks, and Ks2 strongly varied with the opposite trend compared to W_max. This means that W_max is
an important parameter in the MISDc-2L model, which substantially influences model performance,
and thus needs to be treated carefully.

Figure 3. Influence
Influence on other parameters by the inclusion of calibration of W_max: (a) absolute change
(note that W_max2 and W_max
W_max were
were scaled
scaled with
with 0.01
0.01 for
for plotting),
plotting), and
and (b)
(b) change
change percentage.
percentage.

3.4. Model Calibration and Validation
We also investigated the influence of parameter range of W_max on calibration performance by
We model
tested with
different
calibration
schemes
theand
available
recordasfrom
2010
2015.
running
changed
W_max ranges
forwith
the low
the highdata
boundary
10~700
andto
50~350,
First,
the
model
was
calibrated
with
full
parameters
set
(9
parameters)
with
respect
to
the
original
respectively. It showed that range changes had relatively small impact on model performance, as the
model
setup,
namely
Scheme
1 (S1).
According to sensitivity test, the calibration scheme using
calibrated
values
wereas
not
confined
by boundaries.
partial parameters set (5 parameters) was proposed, whereby the amount of calibration parameter
3.4. Model
Calibration
and Validation
was
5, namely
as Scheme
2 (S2). Herein, the sensitive parameters were automatically calibrated and
insensitive
parameters
were
given values
within
their
Furthermore,
to investigate
theFirst,
role
We tested different calibration
schemes
with
theboundaries.
available data
record from
2010 to 2015.
of
W_max
calibration
in
flood
simulation,
another
calibration
scheme
was
carried
out,
in
which
the
the model was calibrated with full parameters set (9 parameters) with respect to the original model
W_max
parameter
was extendedly
included and
the total calibration
6; this
was
setup, namely
as Scheme1
(S1). According
to sensitivity
test, the parameter
calibrationamount
schemewas
using
partial
named
as
Scheme
3
(S3).
The
calibration
schemes
are
summarized
in
Table
4.
Each
calibration
scheme
parameters set (5 parameters) was proposed, whereby the amount of calibration parameter was 5,
was
run for
experiments,
including
15 single were
events,automatically
a “split-sample”
test splitting
namely
as different
Scheme2calibration
(S2). Herein,
the sensitive
parameters
calibrated
and
event
data into
a calibration
events)
and atheir
validation
periodFurthermore,
(5 events), as well
as “combined
insensitive
parameters
wereperiod
given(10
values
within
boundaries.
to investigate
the

role of W_max calibration in flood simulation, another calibration scheme was carried out, in which
the W_max parameter was extendedly included and the total calibration parameter amount was 6;
this was named as Scheme3 (S3). The calibration schemes are summarized in Table 4. Each calibration
scheme was run for different calibration experiments, including 15 single events, a “split-sample”
test splitting event data into a calibration period (10 events) and a validation period (5 events), as
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multiple-events samples” according to magnitude levels with 7 high-flow events, 7 medium-flow
events and 7 low-flow events for both calibration and validation. The aim was to avoid the mismatch
between characteristics of selected flood events due to insufficient length of study period in presenting
the different climatic conditions in calibration and validation periods [44,45]. The flowchart of this
study is presented in Figure 4.
Table 4. Calibration schemes using the MISDc-2L model.
Scheme

Description

Parameters for Calibration

S1
S2
S3

Calibration with 9 parameters
Calibration with 5 parameters
Calibration with 6 parameters

W_max2, W_p, m, m2, Ks, Ks2, γ, Kc, α
γ, W_p, Ks, α, Kc
γ, W_p, Ks, α, Kc, W_max

Water 2020, 12, x FOR PEER REVIEW

9 of 21

Figure 4. Flowchart of this study.
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R2 2
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0.63
0.83
0.89

Water 2020, 12, 3255

12 of 19

Water 2020, 12, x FOR PEER REVIEW

13 of 21

Figure 9.
between
observed
and and
simulated
streamflow
with calibration
schemescheme
1, scheme
Figure
9.Comparison
Comparison
between
observed
simulated
streamflow
with calibration
1,
2 and scheme
3, subplots
(a) and(a)
(b)and
are (b)
forare
calibration
and subplots
(c) and
are
validation.
The
scheme
2 and scheme
3, subplots
for calibration
and subplots
(c)(d)
and
(d)for
are
for validation.
dashed
blueblue
boxes
highlight
base-flow
simulation,
which
areare
presented
byby
scatter
plots
b (b)
andand
d. (d).
The
dashed
boxes
highlight
base-flow
simulation,
which
presented
scatter
plots

4.4.
Model Performance
Performance of
of Flood
Flood Simulations
Simulations for
for Different
Different Magnitude
4.4. Model
Magnitude Levels
Levels
We
flood
event
simulations
(called(called
“combined-event”
experiment)
at different
Weperformed
performedcombined
combined
flood
event
simulations
“combined-event”
experiment)
at
magnitude
levels,
including
seven
high-magnitude
events
(events
1–7),
seven
medium-magnitude
different magnitude levels, including seven high-magnitude events (events 1–7), seven mediumevents
(events
8–14)
and seven
events (events
15–21).
The magnitude
flood events
magnitude
events
(events
8–14)low-magnitude
and seven low-magnitude
events
(events
15–21). Theofmagnitude
of
had
on model
simulation.
It is obvious
that
the model
performed
best for those
floodevident
events impact
had evident
impact
on model simulation.
It is
obvious
that the
model performed
best
high-magnitude
combined-events,
followed by
the low by
andthe
medium
magnitude
of flood
events
for those high-magnitude
combined-events,
followed
low and
mediumlevels
magnitude
levels
of
for
both
calibration
validation
across all across
schemes
The10).
evaluation
indexes
of S3
flood
events
for both and
calibration
and validation
all (Figure
schemes10).
(Figure
The evaluation
indexes
and
were
clearly
higher
thanthan
S1 for
all all
magnitude
levels
of of
flood
events
of S3S2
and
S2 were
clearly
higher
S1 for
magnitude
levels
flood
events(Table
(Table6).6). The
The most
most
significant
improvements
were
found
for
medium
magnitude
events
in
the
model
simulations
significant improvements were found for medium magnitude events in the model simulations with
with
S3,
Compared to
to S1,
S1, the
the evaluation
indexes of
of S3
S3, which
which showed
showed the
the worst
worst performance
performance using
using S1.
S1. Compared
evaluation indexes
S3
22 and 39% in KGE for calibration, and 44% in R22 and 39% in KGE
remarkably
increased
by
40%
in
R
remarkably increased by 40% in R and 39% in KGE for calibration, and 44% in R and 39% in KGE
2 and 26% in KGE for
for
These indexes
indexes for
for low
low magnitude
magnitude events
events increased
increased by
by 31%
for validation.
validation. These
31% in
in R
R2 and
26% in KGE for
2
calibration,
and 40%
and 22%
calibration, and
40% in
in R
R2 and
22% in
in KGE
KGE for
for validation,
validation, while
while these
these indexes
indexes of
of high-magnitude
high-magnitude
2
2 and 11% in KGE for
slightly
slightly increased
increased by
by 6%
6% in
in R
R2 and
and 5%
5% in
in KGE
KGE for
for calibration,
calibration, and
and 6%
6% in
in R
R2 and
11% in KGE for
validation.
analyses,
it is it
further
confirmed
that thethat
inclusion
of the W_max
parameter
validation. From
Fromthe
theabove
above
analyses,
is further
confirmed
the inclusion
of the
W_max
in
the calibration
is beneficial
flood simulations,
for medium
and
low
magnitude
parameter
in the process
calibration
process for
is beneficial
for floodespecially
simulations,
especially
for
medium
and
levels
of
flood
events.
low magnitude levels of flood events.
Table 6. Comparison of average R2 and KGE for different magnitude levels of flood events with three
different calibration schemes.
Magnitude

Scheme

Calibration

Validation

R2

KGE

R2

KGE

High-magnitude
(Events 1–7)

S1
S2
S3

0.66
0.70
0.72

0.76
0.81
0.82

0.65
0.65
0.70

0.61
0.68
0.72

Medium-magnitude
(Events 8–14)

S1
S2
S3

0.28
0.65
0.68

0.29
0.76
0.73

0.22
0.40
0.61

0.12
0.14
0.51

Low-magnitude
(Events 15–21)

S1
S2
S3

0.42
0.77
0.73

0.35
0.70
0.75

0.44
0.70
0.70

0.32
0.47
0.54
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5.1. The Impact of Parameter Reduction of the Calibration Process on Flood Simulation
The calibration process plays a vital role in hydrological models; however, uncertainties from
The calibration process plays a vital role in hydrological models; however, uncertainties from
model parameters is one of the main factors that hamper the simulation [47,48]. One method to alleviate
model parameters is one of the main factors that hamper the simulation [47,48]. One method to
model calibration uncertainty is to reduce parameter dimensionality before calibration, where only
alleviate model calibration uncertainty is to reduce parameter dimensionality before calibration,
sensitive parameters are automatically calibrated and insensitive parameters are given values within
where only sensitive parameters are automatically calibrated and insensitive parameters are given
their boundary to determine the best set of parameters for flood simulation. Son et al. [49] argued that
values within their boundary to determine the best set of parameters for flood simulation. Son et al.
reducing the number of calibration parameters might make it impossible to present critical processes.
[49] argued that reducing the number of calibration parameters might make it impossible to present
However, even after calibration, a significant amount of uncertainties in the results could occur,
critical processes. However, even after calibration, a significant amount of uncertainties in the results
such as the values of the calibrated parameters not realistically reflecting watershed characteristics
could occur, such as the values of the calibrated parameters not realistically reflecting watershed
or equifinality of parameter sets, leading to similar results when many parameters interact in the
characteristics or equifinality of parameter sets, leading to similar results when many parameters
calibration process [27,28]. A number of studies declared that expert knowledge of the physical
interact in the calibration process [27,28]. A number of studies declared that expert knowledge of the
meaning of parameters and understanding about the role of each parameter are important ways to
physical meaning of parameters and understanding about the role of each parameter are important
select suitable parameters for calibration, instead of using full parameter sets [50–52]. Muleta et al. [50]
ways to select suitable parameters for calibration, instead of using full parameter sets [50–52]. Muleta
used different techniques to determine the parameters of the SWAT model for calibration, whereby
et al. [50] used different techniques to determine the parameters of the SWAT model for calibration,
the number of parameters for calibration was reduced to 20, and van Werkhoven et al. [51] used the
whereby the number of parameters for calibration was reduced to 20, and van Werkhoven et al. [51]
used the SAC-SMA model with the calibration parameters reduced from 14 to 6 and 5 according to
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SAC-SMA model with the calibration parameters reduced from 14 to 6 and 5 according to sensitivity
analysis. The authors stated that the selection of parameters for the calibration process should be
different across the catchments because the sets of sensitive parameters are inconsistent between cases.
This is likely true with the MISDc-2L model, whereby in this study the model performed better with
reduced calibration parameters compared to the full calibration parameter set used in previous studies.
5.2. The Importance of W_Max Parameter Estimation in Flood Simulation
In hydrological operation, infiltration is the most important water loss during flash floods,
and a good understanding of infiltration is crucial for an appropriate representation of runoff generation
and losses [53]. Attempts to improve the infiltration process were made by previous studies [26,30,53,54].
Liu et al. [26] modified the Green–Ampt equation in the MISDc model to improve flood simulation
with fixed values of the maximum water capacity parameter (W_max) but the improvement was
minuscule, where the evaluation index (NSE) increased from 0.71 to 0.73. In this study, in an attempt
to improve the infiltration process, the emphasis on the impact of W_max calibration was carried out
due to its important role in estimating infiltration capacity, which influences the calculation of runoff
generation [55]. The improvements were obvious, where the evaluation indexes increased from 0.56 to
0.81 for R2 and from 0.41 to 0.82 for KGE. This indicates that accurately estimating the key parameter is
a useful method to improve infiltration process estimation in flood simulation.
In order to confirm the important role of W_max estimation in the MISDc-2L model, we extendedly
repeated our experiments on another three semi-humid catchments in the Huai River, namely Huangwei,
Qishan and Qling, with drainage areas of 269.8 km2 , 405 km2 and 181.7 km2 , respectively. The results
clearly indicated that the model performed better when calibrating W_max and improvements due
to including W_max for calibration were also found for different magnitude levels of flood events,
where the model performed best for high-magnitude events and poorer for medium and low events.
These findings are consistent with those in the Huangnizhuang catchment, confirming the fundamental
role of W_max calibration for improving flood simulation.
5.3. The Influence of Objective Function on Flood Simulations
The choice of objective function obviously plays an important role in the evaluation of model
performance and considerably influences the quality of flood simulations [56]. We chose the
Kling–Gupta efficiency (KGE) as objective function for this study after acknowledging the advantages
of different statistical indexes. For example, compared to one commonly used index, the Nash–Sutcliffe
efficiency (NSE), the KGE correctly estimates the variability and directly assesses four aspects
of discharge such as time series, hydrograph, timing, water balance and variability [46,57–60].
Gupta et al. [60] reported clear improvement of flow variability estimates by switching the calibration
metric from NSE to KGE for a simple rainfall–runoff model similar to the HBV model. Similarly,
Mizukami, Rakovec, Newman, Clark, Wood, Gupta and Kumar [56] also reported the same results from
two relatively more complex models. In addition, we have examined the model performances under
two objective functions, KGE and NSE. The results in our study showed that the simulations using
KGE as an objective function were generally better than those using NSE in terms of performance index
statistics and flood simulation hydrographs. This is consistent with previous studies and confirmed
that it is suitable to use KGE as an objective function for our study.
Mathevet, T. et al. [61] raised the issue about the performance of KGE in long-term analysis.
Although KGE is usually preferable for the general optimization of hydrodrological models in short
term analysis, its applicability for long-term analysis is unclear. In this study, the assessment of
long-term analysis was not made because of data limitation.
5.4. Other Issues Related to Flood Simulations
The quality and quantity of rainfall data are quite important for flood simulation. Our study used
hourly rainfall gauged input data to simulate runoff in a small mountainous catchment area. Due to its
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complex topography and high variability of precipitation, there are usually not enough rain-gauge
stations to assure the accuracy of areal precipitation assessment. In our study, the rain-gauge density
is only about 100 km2 per station and not always continuously recorded at hourly steps. In some
cases, the event was not well captured by the model, which was likely attributed to the catchment’s
complex topography and partly to the the missing of hourly observation data. Recently, several satellite
rainfall datasets were developed as a potential alternative to the rain-gauge data. Camici, S. et al. [62]
reported that improvements to runoff simulation can be achieved by applying a satellite rainfall
product, SM2RAIN–ASCAT [63], to force the MISDc model. However, current satellite rainfall data
are usually available at daily resolution with low spatial resolution, which are not applicable for
hourly runoff simulation in fine-scale catchments. Usually, appropriate approaches for upscaling
and interpolation are required to remedy the spatiotemporal resolution gaps. Therefore, it would be
a promising avenue to integrate satellite rainfall and soil moisture data into our model for improving
flood forecast, which is the goal of our ongoing study.
In addition, the interpolation method for rainfall data is also one source of uncertainty. Different
interpolation methods are suitable for different variables, rain-gauge station densities and climate
regimes [8,64]. We chose the IDW method for this study after investigating the advances and weaknesses
of different methods. For example, compared to one commonly used interpolation method, Thiessen
Polygons, the IDW method could be more suitable for rainfall interpolation in mountainous areas.
Lastly, we do not account for the uncertainty linked to rainfall phenomena and the uncertainty
linked to hydraulics because of the model limitation in this study. The MISDc-2L model does not
couple with hydraulic modules, so we cannot account for such uncertainty related to these aspects
under the current model framework. Integration of the Ensemble Prediction System (EPS) and data
assimilation techniques could be useful for better accounting for such uncertainties [65–67].
It’s well-known that rain-runoff model is usually a core component of early warning systems (EWS)
for flash floods. The MISDc-2L model has a parsimonious structure, making it easy for operational
use and understanding by end users. With careful calibration parameter selection, we proved the
robustness of the model in flash flood prediction, which could increase possible lead time for EWS.
Crucial predictive information from EWS would help decision makers and stakeholders to gain more
time for preparing, avoiding and reducing the losses and damages from flash floods. Our findings
would therefore have important implications for flash flood predictions and robust EWS establishment.
6. Conclusions
In this study, we investigated the influence of calibration parameter selection on flash flood
simulation for small to medium catchments with the MISDc-2L model in the Huai River basin of
China over the 2010–2015 period. We explored the necessity of reducing calibration parameters and
the role of W_max parameter calibration for flood simulations. The role of the W_max parameter for
single events, split-sample tests and combined-events, and for different magnitude levels of flood,
were investigated.
Although it is quite challenging to simulate floods in small to medium catchments in semi-humid
areas, in our study the MISDc-2L model has satisfactory performance after reducing calibration
parameters and including the W_max parameter for calibration. The results confirmed the finding
that lumped models with suitable calibration strategies can effectively simulate flash floods in small
to medium catchments (SMC). The reduction in calibration parameters’ amount is confirmed to
remarkably improve streamflow simulation. In addition, we found that the inclusion of calibration of
the parameter W_max in the infiltration process is crucial for streamflow simulation, especially for
base flow, and it needs to be treated carefully for calibration. Model performances varied with flood
magnitude levels and the simulations are generally better for high-magnitude floods than medium and
low ones, but clear improvements can be achieved for low and medium magnitude flood events with
careful calibration parameter selection. Therefore, improving the understanding of physical meanings
of parameters as well as their roles in model simulation is highly necessary to build better calibration
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schemes, which are beneficial in terms of enhancing the accuracy of flood prediction and thus better
serve early warning systems.
It is important to note that MISDc-2L performance in this study was limited by the length of the
available data records (only 6 years of flood-events) and uncertainty from hourly rainfall input data
associated with low rain-gauge density in small mountainous catchments, which could lead to the
errors on the runoff generation. Thus, the methods for improving the quality and quantity of rainfall
data should be given more attention in future.
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