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ABSTRACT: Model calibration has always been one major challenge in the hydrological community. Flood scaling properties (FS) are often used to estimate the ﬂood quantiles for data-scarce catchments based on the statistical relationship
between ﬂood peak and contributing areas. This paper investigates the potential of applying FS and multivariate ﬂood scaling properties [multiple linear regression (MLR)] as constraints in model calibration. Based on the assumption that the
scaling property of ﬂood exists in four study catchments in northern China, eight calibration scenarios are designed with
adopting different combinations of traditional indicators and FS or MLR as objective functions. The performance of the
proposed method is veriﬁed by employing a distributed hydrological model, namely, the Soil and Water Assessment Tool
(SWAT) model. The results indicate that reasonable performance could be obtained in FS with fewer requirements of
observed streamﬂow data, exhibiting better simulation of ﬂood peaks than the Nash–Sutcliffe efﬁciency coefﬁcient calibration scenario. The observed streamﬂow data or regional ﬂood information are required in the MLR calibration scenario to
identify the dominant catchment descriptors, and MLR achieves better performance on catchment interior points, especially for the events with uneven distribution of rainfall. On account of the improved performance on hydrographs and
ﬂood frequency curve at the watershed outlet, adopting the statistical indicators and ﬂood scaling property simultaneously
as model constraints is suggested. The proposed methodology enhances the physical connection of ﬂood peak among subbasins and considers watershed actual conditions and climatic characteristics for each ﬂood event, facilitating a new calibration approach for both gauged catchments and data-scarce catchments.
SIGNIFICANCE STATEMENT: This paper proposes a new hydrological model calibration strategy that explores
the potential of applying ﬂood scaling properties as constraints. The proposed method effectively captures ﬂood peaks
with fewer requirements of observed streamﬂow time series data, providing a new alternative method in hydrological
model calibration for ungauged watersheds. For gauged watersheds, adopting ﬂood scaling properties as model constraints could make the hydrological model calibration more physically based and improve the performance at catchment interior points. We encourage this novel method to be adopted in model calibration for both gauged and datascarce watersheds.
KEYWORDS: Watersheds, Streamﬂow, Flood events, Hydrology, Satellite observations, Hydrologic models

1. Introduction
As an essential tool to represent the dynamic and complex
hydrological processes in watersheds, hydrological models are
widely used to support water resource management, planning,
and decision-making (Niehoff et al. 2002; Bormann et al.
2007; Huisman et al. 2009; Daggupati et al. 2015). Generally,
to provide reliable simulation results for ﬂoods with hydrological models, the model parameters should be calibrated carefully. However, the hydrological processes are a result of
complex interactions of catchment physical processes, which
are highly changeable in both space and time (Gupta 2004;
Ayalew et al. 2014). Finding an optimal set of parameters to
provide a reasonable streamﬂow prediction of catchment outlet or streamﬂow of any catchment interior locations is quite
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difﬁcult (Wanders et al. 2014), especially for data-scarce
catchments. In addition, even for the gauged watershed, the
model parameters that need to be calibrated for different
model modules are also increasing with the wide application
of distributed hydrological models, which further increases
the difﬁculty of hydrological model calibration.
Beven (2006) believed that only a few parameter sets could
meet the multiple calibration criteria simultaneously in model
calibration, indicating that the model performance could be
improved by adding more constraints. Hence, many studies
tried to develop different calibration strategies to constrain
the model performance based on all available information of
the catchment. Calibrating the hydrological model with multivariable data is one of the common ways to improve the simulation performance among recent research (Chiang et al.
2014; White and Chaubey 2005). Numerous researchers calibrated streamﬂow and other hydrological variables simultaneously (Koren et al. 2008; Li et al. 2018; Pfannerstill et al.
2017; Rajib et al. 2016; Omani et al. 2017; Tuo et al. 2018; Lu
et al. 2014; Wanders et al. 2014; Rajib et al. 2018). Multisite
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calibration method is also a widely used calibration strategy
(Cao et al. 2006; Zhang et al. 2008, 2010; Niraula et al. 2012;
Wi et al. 2015; Fenicia et al. 2016; Hughes et al. 2016).

a. Calibration strategies based on limited flow data for
data-scarce catchments
However, sufﬁcient observed measurements are required in
multisite and multivariable calibration strategies. In this section, we introduce some other calibration strategies for datascarce catchments.
Numerous studies are devoted to exploring the minimum
streamﬂow time series length for achieving robust model calibration results. The recorded minimum streamﬂow time series
length varied from 3 months to 8 years among different studies (Yapo et al. 1996; Brath et al. 2004; Perrin et al. 2007). Seibert and Beven (2009) indicated that a few runoff
measurements can contain as much of the information as the
continuous runoff time series. For instance, a single event or
10 observations during high ﬂows could provide the same
information as the continuous 3 months of data (Seibert and
McDonnell 2013). They also proved that maximum ﬂows
series contain more information than minimum or mean
ﬂows. Similarly, Melsen et al. (2014) reported that the season
(5 months) with the highest precipitation is sufﬁcient to give a
robust simulation of high ﬂows over the full observation
period. Singh and B
ardossy (2012) demonstrated that calibration on identiﬁed events representing 6%–7% of a 10-yr time
series could obtain the reasonable results compared to calibration on the whole time series.
Some researchers further investigated the optimal sampling
strategy to extract the most informative runoff measurements
for constraining the model. Pool et al. (2017) compared 12
runoff measurements sampling strategy with selection ranging
from simply monthly maximum runoff measurements to more
complex observation times series data. They demonstrated
that ﬂow-duration curves were best estimated with strategies
including low and mean ﬂows, while strategies with high runoff magnitudes produced the best simulation of hydrographs.
Another type of calibration strategy is employing regional
information or a priori information as model constraints to
estimate the parameters (Hundecha and B
ardossy 2004;
G€
otzinger and Bardossy 2007). The goal of a regionalization
approach is to transfer the information from gauged catchments to ungauged catchments based on the statistical relations between catchment characteristics and model
parameters (Viviroli and Seibert 2015; Samaniego et al. 2017).
This is the most common way to estimate the model parameters for ungauged catchments (Perrin et al. 2008; Rojas-Serna
et al. 2016; De Lavenne et al. 2019). Additionally, combining
the regionalization method and point ﬂow measurement
appears to be a promising method to estimate the model
parameters for ungauged catchments. Some studies proved
that employing a few runoff observations could improve the
model calibration performance (Viviroli and Seibert 2015;
Seibert 2010; Rojas-Serna et al. 2016; Pool et al. 2018).
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b. Scaling property of floods
Mendoza et al. (2015) mentioned that integrating prior
knowledge of hydrologic processes could improve the relatively poor performance of hydrological models. We
attempted to consider how to add constraints for the model
hydrologic processes based on limited data. In general, observations during wet periods, especially the event peak, contain
valuable information for model parameter estimation (Yapo
et al. 1996; Seibert and Beven 2009; Melsen et al. 2014; Pool
et al. 2017). The peak discharge reﬂects various aspects of the
rainfall rate, spatial–temporal variability, and watershed characteristics such as soil moisture, land use, and land cover
(Ogden and David 2003). The statistical relationship of ﬂood
peaks with the size of contributing upstream area, which captures the interactions of the streamﬂow-generating process,
forms the basis of many empirical approaches for the estimation of ﬂoods in data-scarce catchments (Ayalew et al. 2014;
Farmer et al. 2015). A quantile-based ﬂood scaling property
has been applied in the study of design ﬂood estimation along
with ﬂood risk assessment (Ishak et al. 2011; Basu and Srinivas 2015) and has been used to develop regional ﬂood frequency (RFF) equations for many decades (Dawdy et al.
2012; Smith et al. 2015; Furey et al. 2016). However, Furey
et al. (2016) pointed out that the quantile-based analysis
allowed for event mixing, indicating that different ﬂood
events data were employed to determine a scaling relationship. Under these circumstances, the ﬂood results could be
underestimated. Another type of ﬂood scaling property,
namely, event-based ﬂood scaling property, was taken as a
more informative and robust method for establishing the relation between the ﬂood peak and the drainage area in a watershed. A wide range of empirical and theoretical studies
revealed that the scaling relationship at the ﬂood event scale
can be expressed in a power-law form Q(A) 5 aAu, where
Q(A) is peak discharge, A is the drainage area, a is the intercept, and u is the exponent (Ogden and David 2003; Furey
and Gupta 2005, 2007; Mandapaka et al. 2009; Ayalew et al.
2014, 2015).
Nevertheless, considering drainage area as the only
explanatory variable of event ﬂood peak is not sufﬁcient in
some cases. Jothityangkoon and Sivapalan (2001) illustrated
that the spatial scaling of ﬂood peaks is closely related to
the space–time variability of rainfall–runoff processes
through the underlying catchment water balance, including
the effects of rainfall, evaporation, antecedent soil moisture
storage, and the stream network geomorphology. Al-Rawas
and Valeo (2010) explored the effect of various watershed
characteristics on peak ﬂood ﬂow based on a large number
of observed ﬂood events. Ishak et al. (2011) employed a
total of 10 explanatory variables to improve ﬂood predictions. Hence, the so-called multivariate ﬂood scaling property based on a multiple regression framework considering
various watershed explanatory variables could help better
grasp the rule of ﬂood scaling and avoid estimation bias
(Farmer et al. 2015).
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c. Scope of this paper
This study aims to develop a novel calibration method that
could be used in both gauged and data-scarce catchments for
hydrological model calibration. The proposed method
employs event-based scaling properties of ﬂood as model constraints, which utilizes the statistical relationship between
event ﬂood peak and drainage area. Since estimation of the
design ﬂood in ungauged catchments is normally based on the
scaling properties of ﬂood, adopting the ﬂood scaling property
in model calibration exhibits the potential of applying the proposed method in both gauged catchments and data-scarce
catchments. An innovation of this paper is to explore the
potential of applying ﬂood scaling properties as model constraints to calibrate a distributed hydrological model for the
ﬁrst time. Moreover, apart from the drainage area, the other
catchment descriptors affecting ﬂood peak are also considered
as explanatory variables for describing the scaling properties

of ﬂood. Thus, this paper aims to explore the following questions: 1) Does the ﬂood scaling property have the potential to
behave as a model constraint to calibrate a hydrological
model? 2) How much can this new calibration strategy
improve the model performance? 3) If more catchment
descriptors are utilized as the explanatory variables, will the
model calibration results outperform one that only considers
drainage area?

2. Study area and data
a. Study area
Four watersheds, namely, Zijingguan watershed, Fuping
watershed, Shifu watershed, and Kuancheng watershed,
which are all located in the same typical temperate continental and semiarid climate region in north China, were selected

FIG. 1. Geographic location and detailed subbasin division map of the four study catchments: (a) Zijingguan watershed, (b) Shifu watershed, (c) Fuping watershed, and (d) Kuancheng watershed.
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TABLE 1. Main catchment characteristics information on the study areas.

ID
ZJG
FP
SF
KC

Watershed name

Area (km2)

No. of subbasins

Average annual
catchment
precipitation (mm)

1760
2175
1031
1670

11
15
7
9

546
522
563
488

Zijingguan watershed
Fuping watershed
Shifu watershed
Kuancheng watershed

as the study catchments. The geographic locations of these
four study catchments are shown in Fig. 1, and the main catchment characteristics are listed in Table 1. The drainage areas
of these four study areas range from 1031 to 2175 km2 with an
average of 1659 km2. Forest and grass are the dominant land
cover type of these study areas. In these four catchments,
short heavy rainfall is the main driving factor of the ﬂood.
Precipitation from July to August accounts for 65%–85% of
the annual rainfall. Previous studies have proven that the
event-based ﬂood scaling property exists in this region (Li
et al. 2013, 2019; Kang et al. 2019; Li et al. 2020).

b. Data
The observed daily streamﬂow data for the four watershed
outlets during the ﬂood seasons (June–September) were available. The corresponding periods of observed daily rainfall
data were also collected. The number of rainfall gauges within
the study catchment and the records period of both rainfall–runoff data were listed in Table 2. Additionally, daily precipitation data from Climate Forecast System Reanalysis (CFSR)
datasets (Fuka et al. 2013; Dile and Srinivasan 2014) were
adopted to integrate the missing values of the measured rainfall series for the dry season. Since the rainfall is mostly concentrated in the ﬂood season in the four study catchments,
ﬂood events seldom occurred in the nonﬂood season. Furthermore, several researchers have proved that calibration with
short, wet time periods of the observations is sufﬁcient to provide the robust simulation compared to the calibration on the
whole time series (Singh and B
ardossy 2012; Melsen et al.
2014; Seibert and McDonnell 2013; Seibert and Beven 2009).
More importantly, our research goal is to compare the calibration results between different calibration strategies, rather
than achieve the best performance. Hence, the available
streamﬂow and rainfall records data are enough to obtain the
reasonable calibration results.

Average annual
discharge (m3 s21)
8.2
21.8
7.3
10.3

1) SELECTION OF FLOOD EVENTS
Several ﬂood events from the observed ﬂood series were
selected as key research objects to verify the ﬂood scaling
property in the study areas. Many previous studies indicated
that a 2-yr return period ﬂood, namely, natural bank-full discharge, could be considered as a threshold ﬂow symbolizing
the occurrence of ﬂood events, which is often employed as a
global minimum ﬂood protection standard (Weeink 2010;
Scussolini et al. 2016; Zheng et al. 2020). Thus, in this study,
all ﬂood events in the calibration periods with the ﬂood peak
larger than 2-yr return period ﬂood were selected as signiﬁcant ﬂood events. The special number of identiﬁed ﬂood
events for four study catchments can be found in Table 2.

2) SWAT MODEL CONFIGURATION
The land use and land cover maps for the study areas were
collected from the Institute of Geographic Sciences and
Resources of the Chinese Academy of Sciences (http://www.
resdc.cn/). The Harmonized World Soil Database (HWSD)
v1.1 soil dataset (FAO/IIASA/ISRIC/ISS-CAS/JRC 2009)
was utilized to extract the soil groups. The weather data spanning 1979–2014, including air temperature, wind speed, relative humidity, and solar data, provided by CFSR datasets
(Fuka et al. 2013; Dile and Srinivasan 2014), were downloaded from the website https://globalweather.tamu.edu/.
Based on the homogeneity of land characteristics, the
delineation of subbasins was performed by employing the
ArcSWAT tool. Reasonable threshold values were adopted
for soil, slope, and land cover to delineate the hydrological
response units (HRUs) (Srinivasan et al. 2010; Sexton et al.
2010; Han et al. 2012; Her et al. 2015) for four study catchments. A total of 500 parameter sets were sampled from initial range by Latin hypercube sampling (LHS). The
simulation results of these 500 parameter sets were utilized to
conduct the global sensitivity analysis to screen out the

TABLE 2. Rainfall–runoff data records information for four study catchments.

ID
ZJG
FP
SF
KC

No. of rainfall
gauges

Period of records

Warm-up periods

Calibration
periods

Validation periods

No. of selected
events in
calibration
periods

8
9
4
6

1979–2012
1979–2000
1992–2014
1992–2014

1979–81
1979–80
1992–93
1992–93

1982–99
1981–95
1994–2008
1994–2008

2000–12
1996–2000
2009–14
2009–14

12
8
9
10
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TABLE 3. Potential parameters and their sensitivity ranking for the four study catchments. An asterisk indicates that this
parameter is signiﬁcantly sensitive in this catchment, and this parameter was selected to be calibrated in further analysis.
Sensitivity ranking
No.

Parameter namea

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

r_CN2.mgt
v_ALPHA_BF.gw
v_GW_DELAY.gw
v_GWQMN.gw
v_ESCO.hru
v_CH_K2.rte
v_ALPHA_BNK.rte
r_SOL_K.sol
r_SOL_BD.sol
v_SFTMP.bsn
v__CH_N2.rte
v__CANMX.hru

Description

Ranges

Curve number
20.2 to 0.2
Base ﬂow recession constant
0–1
Estimated groundwater delay time (days)
0–500
Threshold shallow depth required for return ﬂow to occur (mm)
0–5000
Soil evaporation compensation factor
0–1
Effective hydraulic conductivity for the main channel
20.01 to 150
Base ﬂow alpha factor for bank storage (days)
0–1
Saturated hydraulic conductivity
20.25 to 0.25
Bulk density of soil
20.5 to 0.5
Snowmelt base temperature (°C)
25 to 5
Manning’s n value for the main channel
0–0.3
Maximum canopy storage
0–100

ZJG

FP

KC

SF

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

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

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

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

An “r_” means a relative change (existing or initial parameter value is multiplied by 1 1 given value within the range) to the initial
parameter values; “v_” means a replacement to the initial parameter values.
a

sensitive parameters. The initial parameter range was determined based on the previous research, in which the Soil and
Water Assessment Tool (SWAT) model was also adopted to
simulate the streamﬂow in the Zijingguan basin and its adjacent basin (Bu et al. 2018; Wang et al. 2021). The parameter
range of some parameters, which are not used in the mentioned studies, are set to some widely used parameter range
in SWAT-model-related research (Kouchi et al. 2017; Abbaspour et al. 2015; Chilkoti et al. 2018). Table 3 lists the potential parameters and their sensitivity ranking for the four study
catchments. Only those signiﬁcant sensitive parameters were
selected to be calibrated in the comparison of different calibration scenarios, while the other parameters were ﬁxed with
the optimal value according to the ﬁrst 500 runs model simulation results. The ﬁrst 2 or 3 years were utilized as the warmup period. Among the rest time periods of data, 70% of the
data were allocated for calibration, and 30% for validation, as
shown in Table 2. Due to the large proportion of missing data
in Zijingguan watershed after 2000, the veriﬁcation period for
this catchment is divided for a relatively longer period to
ensure that there are enough observed data for comparison.

3) COLLECTION OF CATCHMENT DESCRIPTORS
To better describe the ﬂood peaks with employing multivariate ﬂood scaling property, a total of 28 catchment descriptors were collected in this paper, which can be divided into
two categories. The ﬁrst category is the internal watershed
characteristics, depending on the long-term controls such as
the properties of the river network and other topographical
factors. This type of catchment descriptor normally can be
delineated and computed based on DEM and land use data.
Since the watershed topography and stream network geomorphology exhibit limited changes over long periods, the internal catchment descriptor basically remains unchanged for the
selected ﬂood events.
The other type of catchment descriptor varies in time,
depending on event characteristics such as external rainfall

characteristics, antecedent watershed soil moisture conditions, and evaporation. Consequently, rainfall characteristics (rainfall intensity, duration, etc.) were calculated based
on the observed precipitation data for the selected ﬂood
events. Other catchment descriptors reﬂecting the antecedent watershed conditions, such as soil moisture content and
evaporation data, were extracted from GLDAS-Noah datasets (Rodell et al. 2004; Beaudoing and Rodell 2015) due to
the lack of observed data in the study areas. GLDAS-Noah
v2.0 datasets, which are available at https://giovanni.gsfc.
nasa.gov/, currently cover the period from January 1948 to
December 2014 and contain 36 available variables, with a
3-h temporal interval and 0.25° spatial resolution. Five soil
moisture content indexes and ﬁve evaporation indexes were
selected from the GLDAS-Noah datasets. In this paper, the
instant soil moisture content data at the closest time step
before the date of each rainfall–runoff event were derived
to reﬂect the antecedent wetness condition of the watershed. Both the mean values of soil moisture content data
and evaporation data during each rainfall–runoff event
were also collected. The area-weighted method was
employed to calculate the average soil moisture content and
evaporation value. As a result, a total of 28 catchment
descriptors were adopted in this study, including 9 internal
and 19 external catchment descriptors, as listed in Table 4.

3. Method
a. Identification of catchment descriptors
With drainage area being treated as the principal catchment
descriptor in most studies (Meigh et al. 1997; Menabde and
Sivapalan 2001; Jothityangkoon and Sivapalan 2001; Lima
and Lall 2010; Lee and Huang 2016; Furey and Gupta 2007;
Al-Rawas and Valeo 2010), the scaling property of ﬂood generally takes the form expressed in Eq. (1). However, the ﬂood
peak is the result of a complex rainfall–runoff process under
the inﬂuence of rainfall, watershed characteristics, and other
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TABLE 4. List of the potential catchment descriptors inﬂuencing peak discharges.
Classification
Watershed and stream
network
characteristics

Rainfall characteristics

Soil moisture data of a
time step before the
rainfall–runoff events

Mean value of soil
moisture data during
the rainfall–runoff
events
Mean value of
evaporation data
during
rainfall–runoff events

No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28

Factors

Abbreviation

Drainage area
Drainage density
Basin slope
Basin perimeter
Basin width
Stream length
Basin length
Shape factor
Average forest area proportion
Average rainfall intensity
Maximum rainfall intensity
Antecedent precipitation index
Rainfall duration
Soil moisture content of 0–10 cm
Soil moisture content of 10–40 cm
Soil moisture content of 40–100 cm
Soil moisture content of 100–200 cm
Root zone soil moisture
Soil moisture content of 0–10 cm
Soil moisture content of 10–40 cm
Soil moisture content of 40–100 cm
Soil moisture content of 100–200 cm
Root zone soil moisture
Evapotranspiration
Potential evaporation rate
Direct evaporation from bare soil
Canopy water evaporation
Transpiration

factors, so ﬂood scaling property based on multiple regression
analysis is also employed in this study as an objective function
to avoid the bias caused by only considering the watershed
area. The multiple regression equation is expressed in Eq. (2).
Both forms of ﬂood scaling property are considered as objective functions in model calibration to conduct further analysis.
Employing the power-law equation to describe the relationship between the ﬂood peak and the explanatory variables is
the common and typical method of applying the ﬂood scaling
property (Ogden and David 2003; Furey and Gupta 2005,
2007). More importantly, previous studies have proven that
the event-based ﬂood scaling property in the form of powerlaw equation exists in the study area (Li et al. 2013, 2019;
Kang et al. 2019; Li et al. 2020):
QðAÞ 5 aAu ,

(1)
b

Q 5 b0 3 X1b1 3 X2b2 3 X3b3 3    3 Xq q ,

(2)

where Q is the ﬂood peak discharge (m3 s21), A is the drainage
area, a is the coefﬁcient, and u is the exponent; b0 is a constant,
X1–Xq are the explanatory variables, namely, catchment descriptors, such as precipitation intensity, soil moisture content, and
stream density, and b1–bq are the regression coefﬁcients.
The best subset regression method was performed on
catchment descriptors with event ﬂood peak to ﬁnd the

DA
DD
BS
BP
BW
SL
BL
SF
AFS
ARI
MRI
API5
RD
TSM0_10
TSM10_40
TSM40_100
TSM100_200
TRZSM
MSM0_10
MSM10_40
MSM40_100
MSM100_200
MRZSM
EV
PET
DEBS
CWE
TR

Unit
2

km
km km22
&
km
km
km
km
— (dimensionless)
%
mm h21
mm h21
mm
h
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22
kg m22 s21
W m22
W m22
W m22
W m22

optimal input combination of catchment descriptors. The
goal of best subset selection is to choose the best subset of
variables such that the resultant regression model has the
best prediction accuracy (Zhu et al. 2020). Compared to
the common variable selection method, best subset regression tests all possible combinations of the potential variables in a regression equation and identiﬁes the best solution (Neter et al. 1989). This method is quite suitable for
the feature selection problem with fewer candidate variables in total. In recent years, the best subset selection
method has been frequently applied in hydrology community (Howard et al. 2010; Lacombe et al. 2014; Okcu et al.
2016).
For measuring the regression model performance, adjusted
R2, Bayesian information criterion (BIC) (Schwarz 1978) and
Mallows’ coefﬁcient (Cp) (Mallows 1973) were adopted as the
evaluation metrics. As the modiﬁcation version of R2,
adjusted R2 is more reasonable when evaluating model ﬁt
with many explanatory variables. The higher the adjusted R2,
the better the model. To avoid information redundancy or
multicollinearity problems among various catchments descriptors (Al-Rawas and Valeo 2010; Ishak et al. 2011), BIC and
Cp criterion were employed to select the best performing
model with the least number of input variables. A small BIC
value implies a good selection of subset. The model with the
lowest Cp value is preferred.
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b. Objective functions and calibration criteria
When the ﬂood scaling property is taken as the objective
function, the ﬂood peaks from each reach outlet for each
selected ﬂood events along with its corresponding contributing upstream area is employed to ﬁt the power-law equation.
The objective functions of ﬂood scaling property are
expressed in Eqs. (3) and (4). Figure 2 demonstrates the process of adopting ﬂood scaling property in SWAT model
calibration:
R2fsj 5

n
1X
R2 ,
n i 5 1 fsi

(3)

n
o
max R2fsj1 , R2fsj2 , R2fsj3 , :::, R2fsjm
subject to

,

(4)

R2fsjk . 0:6 ðk 5 1, 2, 3, :::, mÞ
where R2fsi denotes the R2 of each power-law equation for
ﬂood scaling property, and R2fsj represents the mean value of
R2fsi ; n is the number of selected ﬂood events, namely, the
number of power-law equations; m is the simulation times of
the SWAT model in each iteration.
For instance, 12 ﬂood events were selected for the Zijingguan watershed. Consequently, a total of 12 power-law
equations along with the R2fsj of 12 ﬂood events can be
acquired for each model simulation. Li et al. (2020) have
performed event-based ﬂood scaling analysis in the Zijingguan watershed with the simulated subbasin peak discharge

using the Hydrologic Engineering Center Hydrologic
Modeling System (HEC-HMS). They reported that R2
varies for 14 different ﬂood events in the range from 0.329
to 0.980 with an average of 0.735. In this study, the threshold
of the mean value of 12 power-law equations R2fsj was set as
0.6, which is considered as the basic requirement to verify
whether this model simulation meets the ﬂood scaling property. The larger the R2fsj of 12 power-law equations, the better the model performance.
For multivariate ﬂood scaling property, the ﬂood peaks
from each reach outlet of all selected ﬂood events along with
its corresponding catchment descriptors were extracted to ﬁt
the logarithmic form of the multiple regression equation. The
multiple linear regression (MLR) equation and the objective
functions are expressed in Eqs. (5) and (6):
logQ 5 logðb0 Þ 1 b1 logðX1 Þ 1 b2 logðX2 Þ
1 b3 logðX3 Þ 1    1 bq logðXq Þ,

(5)

n
o
max R2mlrj1 , R2mlrj2 , R2mlrj3 , :::, R2mlrjm
subject to

,

(6)

. 0:6 ðk 5 1, 2, 3, :::, mÞ
pmlrjk , 0:05 ðk 5 1, 2, 3, :::, mÞ
R2mlrjk

where Q is the peak discharge (m3 s21), X1–Xq are the potential catchment descriptors of reach outlets, q is the number of
catchment descriptors, and b0–bq are the regression

FIG. 2. Schematic representation of employing ﬂood scaling property in SWAT model calibration.
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coefﬁcients of the MLR equation. The term R2mlrj denotes the
R2 of jth MLR equation, and pmlrj is the p value of jth MLR
equation.
Since the ﬂood peaks from each reach outlet for all selected
ﬂoods and its corresponding catchment descriptors were
extracted to ﬁt the MLR equation, only one MLR equation
can be obtained during each SWAT model simulation. For
each MLR equation, two basic requirements should be satisﬁed to achieve the best performance. First, the MLR equation
should pass the F test to examine whether the ﬁtting equation
is signiﬁcant. Thus, the p value of the MLR equation should
be less than 0.05. Furthermore, a larger F statistic represents
better regression ﬁtting. If two MLR equations reach the
same R2mlrj , the F statistic can be utilized to determine the
superiority of the two equations. Similarly, the goodness of ﬁt
for multivariate ﬂood scaling property is also determined on
the basis of R2mlrj . The larger the R2mlrj , the better the model
performance; R2mlrj . 0.6 is also utilized as the threshold
criterion.
To compare the calibration performance under different
objective functions, traditional statistical objective functions
were also adopted. As the most widely adopted statistical
index in model calibration (Tuo et al. 2018; Cao et al. 2018;
Rajib et al. 2018; Odusanya et al. 2019; Lee et al. 2020), the
Nash–Sutcliffe efﬁciency coefﬁcient (NSE) was employed in
this study. In addition, the Kling–Gupta efﬁciency (KGE) was
also applied due to its three components structure allowing a
better understanding of the model performance (Gupta et al.
2009; Knoben et al. 2019). The equations for NSE and KGE
are presented in Eqs. (7) and (8):
3
2
n
X
ðEi 2 Oi Þ2 7
6
7
6
i¼1
7,
(7)
NSE 5 6
n 
61 2 X
2 7
5
4

Oi 2 O i
i¼1

KGE 5 1 2

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðr 2 1Þ2 1 ða 2 1Þ2 1 ðb 2 1Þ2 ,

(8)

where Ei is the ith SWAT-simulated streamﬂow data; Oi is the
 i is the average of
corresponding observed streamﬂow data; O
 i is the average of the simulated
the observed streamﬂow data; E
streamﬂow data; n is the total number of observed values; r is
the Pearson correlation coefﬁcient between observed and simulated streamﬂow data; a is the standard deviation of the simulated streamﬂow data over the standard deviation of observed
streamﬂow data; and b is the ratio of the mean simulated
streamﬂow data to observed streamﬂow data.

c. Calibration scenarios design and evaluation metric
To explore the model performance of adopting ﬂood scaling property (FS) and MLR as objective functions, three
groups of calibration scenarios were designed as follows.
1) As the comparison, traditional NSEs or KGEs were ﬁrst
employed as objective functions separately. These two
objective functions are widely used in most of the
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research. The observed streamﬂow data of watershed outlet is needed in these two calibration scenarios.
2) Then, the new FS or MLR objective functions were
adopted to explore the potential of applying the scaling
property of ﬂood in model calibration. It is important to
note that only the simulated event ﬂood peaks during
each model run need to be extracted to ﬁt the power-law
equations with corresponding catchment contributing
areas and behaved as objective function in FS calibration
scenarios. Observed streamﬂow data were employed to
perform the ﬂood frequency analysis and adopted as the
criterion of selecting the signiﬁcant ﬂood events. For the
calibration scenarios with MLR, the observed streamﬂow
time series data are also not required during the calibration processes. But the event ﬂood peaks of watershed
outlets are still needed, as there are various catchment
descriptors available to be chosen as explanatory variables. We need to ﬁgure out which catchment descriptors
have an inﬂuential impact on event ﬂood peaks. So, the
identiﬁcation of the most inﬂuential catchment descriptors
on event ﬂood peak should be performed ﬁrst.
3) The combination of FS or MLR and traditional NSE or
KGE were designed as another four calibration scenarios, namely, FS&NSE, FS&KGE, MLR&NSE, and
MLR&KGE. In these four calibration scenarios, with
considering FS or MLR as constraints, the best simulation was selected according to the NSE or KGE value.
Under these circumstances, both the effect of ﬂood
scaling property and the simulation performance at the
watershed outlet are guaranteed. Consequently, the
observed streamﬂow data at the watershed outlet are
also required in these calibration scenarios.
Hence, a total of eight calibration scenarios, including NSE,
KGE, FS, MLR, FS&NSE, FS&KGE, MLR&NSE, and
MLR&KGE, were designed.
For model evaluation criterion, apart from the performance
of watershed outlet hydrograph represented by NSE or KGE
value, ﬂood frequency curve of annul maximum ﬂood peak
was also considered as an evaluation aspect in this study. As
one of the widely used hydrological signatures, the ﬂood frequency curve describes the relationship between the frequency and magnitude of the ﬂood peak (Vogel and
Fennessey 1994; McMillan 2021), which is also a major concern of the design ﬂood calculation. Flood frequency curve
has been adopted to behave as the objective function in
model calibration in a growing number of research in recent
years. (Westerberg et al. 2011; Pokhrel et al. 2012; Pfannerstill
et al. 2014; Pool et al. 2018; Garcia et al. 2017). In the meanwhile, the ﬂood frequency curve is also a critical descriptor of
evaluating model performance (Ley et al. 2016; Chilkoti et al.
2018), especially in assessing the comparison results of several
calibration strategies (Pool et al. 2017). As employing ﬂood
scaling properties as objective functions is a relatively new
proposed calibration method, the inﬂuence caused by this
method on both hydrograph and ﬂood frequency curve would
be of interest to us. So, we focus on the comparison results
between different calibration scenarios including the

Unauthenticated | Downloaded 01/09/23 05:26 PM UTC

3263

ZHENG ET AL.

DECEMBER 2021

traditional objective functions and also the proposed ones.
Since the simulated ﬂood frequency curve could indicate the
model performance, we prefer to employ ﬂood frequency
curve to behave as evaluation metric, helping us to ﬁnd the
optimal calibration scenario.
Since each ﬂood frequency curve segment describes different hydrological processes (Yilmaz et al. 2008; Pokhrel et al.
2012; Pfannerstill et al. 2014), we partition the ﬂood frequency
curve into four segments and evaluate the performance on
each segment by calculating the mean relative error (MRE)
in this work. The four segments are 1) the very high-ﬂow segment within a range of ﬂow exceedance probability less than
5% (Q5), 2) the high-ﬂow segment within a range between Q5
and Q20, 3) the midﬂow segment within a range between Q20
and Q70, and 4) the low-ﬂow segment within a range of ﬂow
exceedance probability larger than 70%. The positive and
negative of MRE value represents whether the simulated
value overestimates or underestimates the observed value.
The closer the absolute value of MRE is to 0, the better the
model result is. Equation (9) is used to calculate the MRE for
each ﬂood frequency curve segment:
MRE 5

N
1X
Ei 2 O i
,
N i 5 1 Oi

(9)

where Ei is the simulated data; Oi is the corresponding
observed data; and N is the total number of observed values
within each segment.

d. SWAT model calibration implementation process
The sequential uncertainty conformity (SUFI-2) optimization algorithm is one of the most widely used calibration
approaches in the SWAT model. This algorithm is iterative
and could achieve good calibration performance with the
smallest number of simulations (Yang et al. 2008; Abbaspour
et al. 2015, 2017). The speciﬁc schematic coupling of SWAT
and SUFI-2 is presented in Fig. 3. More details about SUFI-2
algorithm can be found in Yang et al. (2008) and Abbaspour
(2015).
Given that the objective of this paper is to apply ﬂood scaling property in SWAT model calibration, the criterion metric
is not the only traditional statistical index. Therefore, on the
basis of the SUFI-2 algorithm procedure, the following two
steps should be noted to employ the ﬂood scaling property.
1) The ﬁrst difference from the traditional calibration
method is related to the extraction of the simulated value.
Instead of only extracting the simulated value of the
watershed outlet or a certain subbasin, the simulated
ﬂood peak of each reach outlet for the selected ﬂood
events must be extracted from the simulated subbasin
streamﬂow. For instance, as presented in Fig. 1a, a total
of 11 reach outlets were identiﬁed in the Zijingguan
watershed. The simulated peak discharge at each reach
outlet during the selected eight ﬂood events must be
extracted from the simulated subbasin streamﬂow. Moreover, the simulated value at the watershed outlet is also

FIG. 3. Schematic diagram showing the coupling process of SUFI-2 and SWAT and the implementation of ﬂood scaling property during model
calibration.
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extracted to guarantee the calculation of traditional statistical indices.
2) The application of ﬂood scaling property establishes the
power-law ﬁtting function between ﬂood peak at each
reach outlet and the corresponding contributing upstream
area. For multivariate ﬂood scaling property, a multiple
linear regression equation is constructed with the ﬂood
peak and the identiﬁed catchment descriptors. New objective functions have been developed to employ the proposed calibration method, as only traditional statistical
objective functions are available in SUFI2_goal_fn.exe in
the SUFI-2 algorithm.

4. Results
a. Identification of catchment descriptors
Due to the lack of observed streamﬂow data of subbasins,
the observed peak discharge of each ﬂood event at watershed
outlets from four study catchments and the corresponding
potential catchment descriptors are employed to perform the
best subset regression analysis. Table 5 lists the best performance regression models with adopting different number of
catchment descriptors. The value of adjusted R2 shows an
upward tendency with an increase in the number of catchment
descriptors, reaching 0.69 in model 5. However, BIC and Cp
value obtain the minimum value in model 2 with a total number of four catchment descriptors, indicating that these four
catchment descriptors could predict the reasonable results
with an acceptable adjusted R2. Adding more explanatory
variables in regression model may lead to information redundancy or overﬁtting problems. Interestingly, instead of commonly used drainage area, the shape factor (SF) is identiﬁed
to be one of the signiﬁcant catchment descriptors for ﬂood
peak. Since SF is computed by dividing the squared basin
length by basin area, the results indicate that the shape of
catchment has more effect on ﬂood peak prediction than
drainage area in the study areas. One possible reason is that
the drainage area of these four study areas is close with a
small standard deviation. To sum up, a total of four catchment
descriptors, namely, SF, MSM10_40, TSM100_200, and EV,
are selected as the explanatory variables in multivariate ﬂood
scaling calibration scenarios.

b. Different calibration scenarios result with
the SUFI-2 algorithm
The three groups of calibration scenarios with a total number of eight are performed by SUFI-2 algorithm. For all eight
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calibration scenarios, ﬁve iterations are executed with SWAT
model running a total of 2500 times under each calibration
scenario. The ﬁrst 500 sets of parameters for each calibration
scenario are obtained by LHS in the initial range of SWAT
parameters, so the ﬁrst 500 sets of iterative parameters
adopted in the ﬁrst group of each calibration scenario are
identical. However, due to the different constraints of each
calibration scenario, the range of new recommended parameters obtained by each iteration varies from different calibration scenarios, so ﬁnally, different streamﬂow simulation
results are presented for the eight calibration scenarios. The
simulated streamﬂow under eight calibration scenarios during
the calibration period is shown in Fig. 4. Figure 5 presents the
performance of two statistical indicators at the watershed outlet with the increase of model iterations.

1) CALIBRATION FOR NSE OR KGE AS OBJECTIVE
FUNCTIONS

The mean NSE value for the four study watersheds at
watershed outlet reaches 0.59 after ﬁve iterations with traditional NSE as the objective function. The KGE indicator
achieves 0.65 when considering KGE as a single objective
function. The results are not overly encouraging, which
could be attributed to the complicated hydrological behaviors in subhumid and semiarid regions and limited observed
data (Kannan et al. 2007; Jeong et al. 2010; Hapuarachchi
et al. 2011; Ragettli et al. 2017). Thus, model calibration in
these four study catchments is more difﬁcult. Given that our
research goal is to explore the potential of applying ﬂood
scaling property in model calibration, the high accurate
model simulation result is not our main purpose. Thus, these
two calibration scenarios results are utilized as the comparative experiments, representing the commonly adopted
model calibration method. Additionally, as demonstrated in
Fig. 4, it can be found that the shape of the hydrograph
employing NSE as the objective function tends to be
smoother than that employing KGE, while the simulated
streamﬂow under KGE calibration scenarios presents better
ﬂood peak simulations.

2) CALIBRATION FOR FS OR MLR AS OBJECTIVE
FUNCTIONS

When FS is considered as the single objective function and
without constraining the watershed outlet streamﬂow, both
the NSE and KGE indicators of streamﬂow simulation at four
study watershed outlets are not high. The identical situation
occurs in another calibration scenario, in which only MLR is
considered as the objective function. However, under these

TABLE 5. Selection of regression models for different combination of input catchment descriptor. Bold indicates the best
performance in each criterion.
Model
1
2
3
4
5

Catchment descriptors used

p value

Adjusted R2

BIC

Cp

TSM100_200, EV
SF, MSM10_40, TSM100_200, EV
SF, TSM100_200, TRZSM, MSM0_10, MSM10_40, EV
BL, SF, MRI, TSM0_10, TSM10_40, TSM100_200, EV
BL, SF, MRI, TSM0_10, TSM40_100, TSM100_200, MSM10_40, EV

0.003
0.0001
0.0015
0.0004
0.0001

0.46
0.64
0.66
0.65
0.69

215.1
225.5
222.6
219.4
222.3

25.2
211.3
29.2
27.4
26.6
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FIG. 4. SWAT model simulation by adopting the SUFI-2 algorithm under the eight calibration scenarios in (a) Zijingguan (ZJG),
(b) Fuping (FP), (c) Kuancheng (KC), and (d) Shifu (SF) catchments during calibration periods.

two calibration scenarios, the ability to capture and simulate
the ﬂood peak is better than the calibration scenarios with traditional objective functions. The reason may be that by
employing FS or MLR as the objective function, the spatial
scaling relationship between subbasins is enhanced during the
calibration process. Consequently, the simulated ﬂood peak
value of each subbasin satisﬁes the statistical relationship with
the basin area, meteorological factors, etc., which improves
the simulation accuracy of the ﬂood peak for each subbasin.
Figure 6 displays the variation in the goodness of ﬁt, namely,
the mean R2 of the power-law equation (FS calibration scenario) and R2 of the multiple linear regression equation
(MLR calibration scenario), for the four study catchments
from the ﬁrst model iteration to the ﬁfth iteration.
Figure 6 illustrates that all R2 values for each study catchment under these two calibration scenarios vary greatly in the
ﬁrst iteration. More speciﬁcally, as presented in Fig. 6a, except
the mean value of R2 in the ﬁrst iteration is low in KC watershed with 0.35, the mean value of R2 for the rest of the study
watersheds could reach around 0.78 in the ﬁrst iteration of FS
calibration scenarios. This difference of R2 among four study
watersheds is more obvious in MLR calibration scenarios,
and the average R2 of the four watersheds ﬂuctuates between

0.4 and 0.75 in the ﬁrst model iteration. The results indicate
that the simulated streamﬂow corresponding to many sets of
parameters in the ﬁrst iteration does not satisfy the ﬂood scaling property. However, in the ﬁfth iteration, the R2 values for
both the FS and MLR calibration scenario provide a better
ﬁt, exhibiting the potential of applying ﬂood scaling property
as model constraints.

3) CALIBRATION FOR THE COMBINATION OF FS
MLR AND NSE OR KGE AS OBJECTIVE FUNCTIONS

OR

As demonstrated in Fig. 5, in the KGE or NSE calibration
scenarios could obtain the higher KGE or NSE evaluation
value at watershed outlet than only FS or MLR employed as
the single objective function. Since the FS and MLR calibration scenarios have constraints on event ﬂood peak, facilitating the simulation of the event ﬂood peaks is more consistent
with the ﬂood generation process. These calibration scenarios
are more focused on the simulation about the event ﬂood
peak rather than the simulation results of hydrograph at
watershed outlets. So basically, the results of calibration scenarios with single FS or MLR have poor NSE or KGE values
of hydrograph for watershed outlets but high ability of
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FIG. 5. Performance of two statistical indicators under eight different calibration scenarios with increasing model iterations.

capturing the event ﬂood peaks. This ﬁnding illustrates that
adding more constraints on watershed outlets with observed
streamﬂow data could well improve the model performance
compared to the calibration scenarios that only adopted FS or
MLR.
Additionally, from Fig. 4, we can learn that the hydrograph
of only FS or MLR adopted as model constraints tends to
have more noise than that of the calibration scenarios with
two objective functions. Since both the performance of ﬂood
peaks and hydrograph are taken into consideration in the calibration scenarios with two objective functions, the simulation
results at watershed outlets have been improved under these
calibration scenarios. The results further prove that adding
the statistical NSE or KGE objective function on watershed
outlet could produce better performance of the watershed
simulated streamﬂow.

4) MODEL PERFORMANCE UNDER VALIDATION PERIODS
The model performance of eight calibration scenarios during the validation periods is presented in Fig. 7. The results
present that the eight calibration scenarios can also achieve
reasonable results in the validation periods, and each calibration scenario could capture the ﬂood peak well. Similarly, the
hydrographs in FS or MLR calibration scenarios contain
more noises than those of the other calibration scenarios,
which is consistent with the results in calibration periods.
As shown in Fig. 8, the assessment of ﬂood frequency curve
is also carried out with the observed and simulated ﬂood
peaks from both calibration and validation periods. The MRE
values of each ﬂood frequency curve segment under all
designed calibration scenarios are presented in Table 6. The
MRE values vary within each ﬂood frequency curve segment,

FIG. 6. The variation in the goodness of ﬁt of the ﬁtting equation from the ﬁrst iteration to the ﬁfth
iteration for the four study catchments under (a) FS and (b) MLR calibration scenarios.
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FIG. 7. SWAT model simulation performance under the eight calibration scenarios in (a) ZJG, (b) FP, (c) KC, and (d) SF catchments
during validation periods.

which indicates the various performance among different calibration scenarios. Usually, highest MRE values could be
found in mid- or low-ﬂow segments. The reason is that MRE
is quite sensitive to the errors that occur in the lower magnitudes of the data (Dawson et al. 2007). From Fig. 5, we can
learn that the NSE value is the highest in NSE calibration scenario, indicating the good calibration results in common
sense. Yet, according to the results demonstrated by Fig. 8,
the simulated streamﬂow results under the NSE calibration
scenario obviously underestimate the ﬂood peak at high-ﬂow
segments. Negative MRE values could be found in Q5 and
Q20 segments for all four study catchments. The KGE calibration scenario produces better simulation of ﬂood peak than
NSE calibration scenario with smaller absolute MRE values,
yet still with the trends of underestimating the ﬂood peak at
high return periods in most cases.
In contrast, as demonstrated in Fig. 8, it is obvious that the
ﬂood frequency curve of FS or MLR calibration scenarios is
relatively closer to the observed ﬂood frequency curve at very
high or high-ﬂow segments, exhibiting better results than
NSE or KGE calibration scenarios. In some cases, the FS or

MLR calibration scenario even overestimates the ﬂood peak,
which is consistent with the results of the simulated hydrograph. It is possible that applying ﬂood scaling property as
model constraints enhances the ﬂood response process. Consequently, the ability of capturing the ﬂood peak is improved,
yet the simulation of ﬂood peak is relatively larger than the
observed data. As a result, the deviation of simulated ﬂood
frequency curve under FS or MLR calibration scenarios is relatively larger than observed data in the majorities of ﬂow segments, especially in low-ﬂow segment.
Furthermore, we can ﬁnd that with adopting the NSE or
KGE as one of the objective functions in FS or MLR calibration scenarios, the overestimation of ﬂood frequency curve
has been well improved with better accuracy. Compared to
the calibration scenario with single FS or MLR objective function, improved MRE values could be found in these calibration scenarios at all ﬂow segments. The evaluation results of
ﬂood frequency curve further illustrate the necessity of adopting the combination of statistical indicators and ﬂood scaling
property as objective functions in hydrological model
calibration.
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FIG. 8. Flood frequency analysis by employing the simulated and observed annual maximum peak discharge of both calibration and validation periods. (TOF denotes the theoretical frequency of the ﬂood frequency curve, for instance, OBS TOF represents the theoretical
frequency of the observed data.)

5. Discussion
a. Necessity of adopting flood scaling property as constraints
In some cases, only considering the performance at the
catchment outlet is not sufﬁcient, as the simulated ﬂood processes at the interior point of the catchment may not coincide
with the actual watershed properties. The application of ﬂood
scaling property as constraints could improve this situation.
As demonstrated in Figs. 9g and 9h, two signiﬁcant ﬂood
events, namely, the 1988 and 1996 ﬂood events, in the Zijingguan watershed with different rainfall spatial distributions are
selected to demonstrate the necessity of adopting ﬂood scaling property as constraints. The simulated streamﬂow is
extracted for a total of 10 catchment interior reach outlets
and also the catchment outlet for these two ﬂood events
under NSE, FS, and MLR calibration scenarios, as shown in
Figs. 9a–f. Due to the high rainfall amount at the Chajianlin
rain gauge in the 1988 ﬂood event, the ﬂood generated at the
south of the Zijingguan watershed tends to be larger.

Consequently, the ﬂood peak from the hydrograph of the R1
reach outlet tends to be larger, even though the contributing
area of the R1 reach outlet is quite small. As presented in
Figs. 9a–c, the increase of ﬂood peak for the R1 reach outlet
could be captured under the three calibration scenarios (as
delineated by the three boxes numbered 2, 3, and 4). However, under the NSE calibration scenario, the ﬂood peak of
the R10 reach outlet is even larger than that at the watershed
outlet (as delineated by the box numbered 1), which is not
consistent with the actual watershed situation, as the rainfall
amount is largest at the watershed outlet. Obviously, this situation is well avoided in the FS and MLR calibration scenario,
indicating the signiﬁcance and validity of employing FS or
MLR as an objective function. Thus, adopting the scaling
property of ﬂood has the potential to better constrain the performance of catchment interior points.
In addition, as shown in Figs. 9b and 9c, we can ﬁnd that
the hydrographs from different watershed interior points
under MLR exhibit more reasonable performance than FS.
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TABLE 6. The MRE values of each FDC segment under different calibration scenarios.
Different calibration scenarios
Catchments

MRE

NSE

KGE

FS

FS&NSE

FS&KGE

MLR

MLR&NSE

MLR&KGE

ZJG

Q5
Q20
Qmid
Q70
Q5
Q20
Qmid
Q70
Q5
Q20
Qmid
Q70
Q5
Q20
Qmid
Q70

20.359
20.722
20.548
0.436
20.266
20.005
0.428
0.511
20.470
20.285
0.233
0.618
21.266
21.012
20.199
0.518

20.121
20.320
0.431
1.579
0.189
0.648
1.036
20.124
20.206
0.230
1.364
1.800
20.759
20.458
0.282
0.570

0.585
0.989
1.112
1.863
0.225
0.277
0.107
20.248
0.029
0.492
1.510
1.308
20.045
0.392
1.520
1.943

0.274
0.411
0.958
1.080
0.108
0.403
0.579
20.021
20.414
20.312
0.110
0.586
20.491
20.269
0.360
0.813

0.257
0.511
1.622
1.817
0.055
0.462
0.863
0.101
20.193
0.052
1.145
1.453
20.357
20.088
0.466
0.500

0.148
0.529
1.352
1.619
0.597
1.463
2.212
1.377
20.105
20.094
20.066
20.050
0.226
0.908
1.879
1.779

0.079
0.265
0.631
0.535
20.006
0.206
0.398
0.199
20.444
20.328
0.249
0.964
20.935
20.510
0.668
1.231

0.039
0.103
0.394
0.444
20.029
0.411
1.072
0.716
20.484
20.217
0.617
1.322
20.514
20.086
0.968
1.214

FP

KC

SF

Speciﬁcally, in the 1988 ﬂood events at the Zijingguan watershed, the magnitude of ﬂood peak from watershed interior
reach outlets tends to be determined by the size of contributing areas under FS, while MLR produces more reasonable
results at R1 reach outlet with larger ﬂood peak. For the 1996
ﬂood event with a relatively uniform rainfall spatial distribution, the ﬂood peak of each reach outlet basically exhibits similar tendency under both FS and MLR calibration scenarios.
The results indicate that the uneven spatial distribution of
rainfall would affect the formation of ﬂood at catchment interior points. Hence, adopting MLR could produce better performance than FS, especially in the case of the uneven
distribution of rainfall or other potential external factors.

ﬂood peak in some cases. However, the performance of ﬂood
frequency curve could be improved with adopting the combination of statistical indicators and ﬂood scaling property as
model constraints. To sum up, with only considering the ﬂood
scaling property as model constraints, reasonable results
could be obtained without employing the observed streamﬂow time series data directly, which exhibits the potential of
applying this method in ungauged watershed. Yet, if the
observed streamﬂow data are available, employing the combination of statistical indicators and ﬂood scaling property as
objective functions could better constrain the model performance and improve the simulation of hydrograph at watershed outlet and the accuracy of the ﬂood frequency curve.

b. Advantages of adopting flood scaling property as
constraints

c. Applications and future works

Compared to the commonly used NSE calibration scenario,
the advantage of adopting ﬂood scaling property as constraints is that the more accurate simulated ﬂood peak can be
obtained even with a small amount of the observed streamﬂow data. It is important to note that observed streamﬂow
data are less required in the FS calibration scenarios. Only
the simulated event ﬂood peaks are extracted to ﬁt the powerlaw equations and the goodness of ﬁt behaves as the objective
function. As for MLR calibration scenarios, the identiﬁcation
of catchment descriptors requires the observed streamﬂow
data of this catchment or this region.
Additionally, as shown in Fig. 4, although the simulated
streamﬂow results introduce noises in hydrograph under FS
or MLR calibration scenarios, the simulation accuracy of
ﬂood peak is clearly improved compared to the NSE calibration scenario. It is obvious that the ﬂood frequency curve provided by simulated annual peak discharge in NSE calibration
scenario tends to underestimate the ﬂood with more than 3-yr
return period. In contrast, for ﬂood frequency curve of FS or
MLR calibration scenarios, the simulated ﬂood frequency
curve produces better results and even overestimates the

For employing ﬂood scaling property as constraints in hydrological model calibration, it is necessary to judge whether the eventbased ﬂood scaling property exists in this river basin. In these
study watersheds, previous studies have reported the existence of
event-based ﬂood scaling property (Li et al. 2013, 2019; Kang et al.
2019; Li et al. 2020). However, since the ﬂood scaling property is
an intrinsic law in river basins (Ogden and David 2003; Furey and
Gupta 2005, 2007; Gupta et al. 2007; Ayalew et al. 2014, 2015;
Furey et al. 2016; Lee and Huang 2016), the method proposed in
this paper has good applicability.
In addition, as long as the hydrological model can output
the streamﬂow process of subbasins or reaches, the ﬂood scaling property can be employed as the objective function. In the
future, more attempts should be undertaken to consider ﬂood
scaling property as constraints in various hydrological models,
not just in the SWAT model. Moreover, since the physical
conditions of different river basins are distinct, it is possible
that the streamﬂow of the watershed outlet is well simulated
by employing only ﬂood scaling property in other river basins.
Therefore, the proposed calibration method should be veriﬁed in more regions.

Unauthenticated | Downloaded 01/09/23 05:26 PM UTC

3270

JOURNAL OF HYDROMETEOROLOGY

VOLUME 22

FIG. 9. Simulated streamﬂow process of reach outlets for typical ﬂood events and the spatial distribution of rainfall. The reach outlet names
in the legend are arranged according to the contributing area size. (a)–(c) The simulated streamﬂow of each reach outlet for the 1988 ﬂood
event under the NSE, FS, and MLR calibration scenarios, respectively. (d)–(f) The results for the 1996 ﬂood event under the NSE, FS, and
MLR calibration scenarios. (g),(h) The spatial distribution of rainfall for the 1988 and 1996 ﬂood events, respectively.

6. Conclusions
To propose a new calibration method for hydrological
models based on limited observed data, this paper investigates the potential of applying ﬂood scaling property as one
of the objective functions in hydrological model calibration.
The main conclusions that were drawn are as follows.
Little information of observed streamﬂow time series data
is needed when only FS is adopted as the single objective
function in model calibration. Observed streamﬂow data were
adopted to perform the ﬂood frequency analysis and behaved

as the criterion of selecting the signiﬁcant ﬂood events. Yet,
the FS calibration scenario produces a better simulation on
ﬂood peak than NSE calibration scenarios, especially for high
return period ﬂoods, exhibiting the potential of applying this
method in ungauged watersheds.
In contrast, MLR calibration scenario requires some streamﬂow data to identify the dominant catchment descriptors. FS and
MLR calibration scenarios provide a similar hydrograph at the
watershed outlet, while MLR achieves better performance at
catchment interior points. If the rainfall spatial distribution of the

Unauthenticated | Downloaded 01/09/23 05:26 PM UTC

ZHENG ET AL.

DECEMBER 2021

ﬂood event is not uniform, adopting MLR as one of the model
constraints in calibration is suggested.
Furthermore, it is important to note that better performance on hydrograph and ﬂood frequency curve could be
obtained with adopting the combination of statistical indicators and ﬂood scaling property as objective functions. Under
these calibration scenarios, not only could the accurate simulation of catchment outlet be guaranteed with high NSE or
KGE values, but the performance on the catchment interior
points is also better constrained.
In brief, for ungauged watersheds, although limited observed
streamﬂow data are available, the simulated ﬂood peak of the
subbasin and its contributing drainage area could be extracted
to ﬁt the power-law equation and behave as an objective function, providing a new alternative method in hydrological model
calibration. For gauged watersheds, adopting ﬂood scaling property as model constraints could make the hydrological model
calibration more physically based and improve the performance
at catchment interior points. Therefore, the ﬂood scaling property is encouraged to be utilized as an additional constraint in
both gauged and ungauged watersheds for hydrological model
calibration.
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