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Flash floods in small mountain catchments are one of the most frequent causes of loss of life and property
from natural hazards in China. Hydrological models can be a useful tool for the anticipation of these
events and the issuing of timely warnings. One of the main challenges of setting up such a system is find-
ing appropriate model parameter values for ungauged catchments. Previous studies have shown that the
transfer of parameter sets from hydrologically similar gauged catchments is one of the best performing
regionalization methods. However, a remaining key issue is the identification of suitable descriptors of
similarity. In this study, we use decision tree learning to explore parameter set transferability in the full
space of catchment descriptors. For this purpose, a semi-distributed rainfall-runoff model is set up for 35
catchments in ten Chinese provinces. Hourly runoff data from in total 858 storm events are used to cal-
ibrate the model and to evaluate the performance of parameter set transfers between catchments. We
then present a novel technique that uses the splitting rules of classification and regression trees
(CART) for finding suitable donor catchments for ungauged target catchments. The ability of the model
to detect flood events in assumed ungauged catchments is evaluated in series of leave-one-out tests.
We show that CART analysis increases the probability of detection of 10-year flood events in comparison
to a conventional measure of physiographic-climatic similarity by up to 20%. Decision tree learning can
outperform other regionalization approaches because it generates rules that optimally consider spatial
proximity and physical similarity. Spatial proximity can be used as a selection criteria but is skipped
in the case where no similar gauged catchments are in the vicinity. We conclude that the CART region-
alization concept is particularly suitable for implementation in sparsely gauged and topographically com-
plex environments where a proximity-based regionalization concept is not applicable.

� 2017 Elsevier B.V. All rights reserved.
1. Introduction

Rainstorm flash floods are a common and serious phenomenon
during the summer months in manymountainous regions of China.
Flash flood prevention and disaster management for small and
medium rivers is one of the main challenges for Chinese water
resource management and requires major investments (CCCPC,
2015; Jiang et al., 2013). Mountains and hills cover 70% of the land
area in China, whereas 48% of the total land area often suffer from
flash floods (Ma et al., 2010). The national initiative for flood pre-
diction and early warning systems for mountainous regions in
China therefore aims to develop a modeling strategy for the
simulation and anticipation of flood events in small river basins.
Since sub-daily streamflow information is unavailable for most
small basins in China, one of the main challenges is building a
hydrological model and finding appropriate parameter values for
simulating flash floods in ungauged catchments. This refers to
the concept of regionalization, i.e. to transfer understanding of
hydrological response from gauged to ungauged environments
(Blöschl and Sivapalan, 1995; Hrachowitz et al., 2013).

Regionalization of model parameters is performed to derive
model parameters of ungauged catchments using calibrated model
parameters available at gauged catchments. Numerous parameter
regionalization methods have been proposed in the literature
(Blöschl, 2005). Among the most widely used techniques are
regionalization based on spatial proximity, regionalization using
regression and regionalization based on physical similarity
(Oudin et al., 2008; Parajka et al., 2005; Viviroli et al., 2009).
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Several previous studies have found similarity-based
approaches to outperform other approaches (Beck et al., 2016;
Garambois et al., 2015; Kokkonen et al., 2003; Oudin et al., 2008;
Parajka et al., 2005). It appears to be favorable to transfer the entire
set of calibrated parameters from a gauged catchment instead of
breaking the parameter correlation structure by regionalization of
each parameter individually (Kokkonen et al., 2003). In similarity-
based approaches, hydrological behavior is explained by catchment
descriptors and transferred to ungauged catchments similar in
terms of those descriptors. However, the main obstacle for this
regionalization technique is the heterogeneity of catchments and
the variability of hydrological processes (Blöschl and Sivapalan,
1995). Identifying a suitable metric of similarity is difficult and
may hinder the successful implementation of a regionalization con-
cept (Singh et al., 2014). The most commonly used approach to
identify optimal similarity metrics is the conventional trial-and-
error method (Heřmanovský et al., 2017; Oudin et al., 2008;
Parajka et al., 2005; Viviroli et al., 2009). However, the large number
of potentially relevant catchment descriptors and the even larger
number of possible descriptor combinations limit this method.
The challenging characterization of complex and heterogeneous
catchments using different descriptors of similarity is therefore a
key issue that requires more attention (Wagener et al., 2007).

Data mining andmachine learning techniques are effective tools
to investigate hydrological similarity of catchments (Di Prinzio et al.,
2011; Ley et al., 2011; Sawicz et al., 2011; Toth, 2013) or to explore
the information transferability in the full catchment descriptor
space (Beck et al., 2015, 2013; Singh et al., 2014). Singh et al.
(2014) applied decision tree learning to relate catchment similari-
ties to cases of bad/medium/good parameter transfer performance
within a large set of training data. Compared to othermachine learn-
ing methods, decision trees have the advantage that they are not
black-box models, but can easily be expressed as rules (Dreiseitl
and Ohno-Machado, 2002). Singh et al. (2014) employed these rules
to identify ‘dominant controls’ on hydrologic parameter transfer.

In this study, we identify cases of high performance of trans-
ferred model parameter sets between (gauged) donor and
(pseudo-ungauged) target catchments for modeling flash floods
in mountainous areas of China. We test two different decision tree
learning approaches (classification trees and regression trees) to
identify similarity metrics that can be related to good transfer per-
formance. The aim of this study is then to assess, for the first time,
the applicability of a decision tree learning approach for hydrolog-
ical parameter regionalization. For this purpose, we use the split-
ting rules of classification and regression trees to identify
potential donor catchments. The training set of data consists of
35 mesoscale catchments, located in ten different provinces of
China. We evaluate the performance of the regionalization method
by leave-one-out cross-validation against hourly data from in total
858 storm runoff events. The hydrological model used in this study
is the USGS Precipitation-Runoff Modeling System (PRMS)
(Leavesley et al., 2006; Leavesley and Stannard, 1995) as imple-
mented in the Java modeling framework Object Modeling System
(OMS) (David et al., 2010).

Only few regionalization studies have been published with Chi-
nese data (Jin et al., 2009; Xie et al., 2007) and this study is one of
the first to assess flood detection skills for ungauged Chinese catch-
ments (Wang et al., 2017). A large scale regionalization study in
China, such as presented here, is likely to give poorer results com-
pared to European or American studies. China covers a large area
with a large variability of climatic and physical catchment condi-
tions, but restrictive Chinese data sharing policies limit data avail-
ability (Peng et al., 2016; Wan, 2015). Given these constraints, data
mining techniques might help to optimally utilize the information
content of available data sets. We thus quantify the relative merits
of decision tree learning in comparison to commonly applied
methods for determining hydrological similarity between catch-
ments (He et al., 2011). Furthermore, we evaluate the PRMS-OMS
calibration and regionalization skills for two hydroclimatic regions
(North and South China) and discuss possible causes for differences
in performance. CART analysis allows also to quantify and compare
the importance of different similarity descriptors, which permit us
to characterize the two geographical regions with respect to the
dominant controls on successful hydrologic model parameter
transfer (Singh et al., 2014).

2. Study area, data and catchment properties

2.1. Study area and data

The 35 study catchments are located in ten different Chinese
provinces (Fig. 1): Fujian, Anhui, Jiangxi, Hubei, Sichuan (consid-
ered as ‘southern’ provinces), Shanxi, Beijing, Gansu (‘northern’ pro-
vinces), Henan and Shaanxi (divided between North and South
China). The classification of study catchments into ‘North’ and
‘South’ (Table 1) reflects the traditional geographical south-north
division of China, which is called Huai river-Qin mountain line
(Fig. 1). This line approximates the 0 �C January isotherm and the
800-mm isohyet (Zhao et al., 2015). The Qin mountains extend
along awest-east axis fromGansu province into Shaanxi and Henan
provinces and act as a climatic barrier (sharp northward decrease in
annual precipitation). Further east, the climate changes more grad-
ually from humid in South China to semi-humid and semi-arid
north of the Huai River. Mean annual precipitation in the 17 north-
ern catchments is on average 57% lower than in the 18 southern
study catchments and mean annual air temperatures are on aver-
age 6 �C lower. All study catchments have in common that winters
are dry and flash floods occur after intensive summer rainstorms.

The catchment areas range between 14 and 1693 km2 (Table 1),
whereas the mean catchment size is 278 km2. The average distance
to the closest neighbor of each catchment is approximately 90 km.
Meteorological data are available from 151 rain gauges located
within or in the close vicinity of the 35 catchments and from 52
county weather stations (Fig. 1). Data from rain gauges and hydro-
logical stations are available only for the summer storm events
(hourly resolution). The county weather stations provide the infor-
mation about daily rainfall amounts outside of the storm events
and daily air temperature data.

On average, 11 years of data are available for each study catch-
ment, with 1–7 storm events occurring per year. The simulation
periods and the number of storm events in each study catchment
are listed in Table 1.

2.2. Catchment properties

In total, 58 catchment attributes have been collected. The attri-
butes have been selected for their potential to affect catchment
hydrology (e.g. Addor et al., 2017; Berghuijs et al., 2014; Singh
et al., 2014) and are available for whole China. The attributes are
extracted from the following data sets (Table 2):

� Topographical attributes such as altitude, aspect or slope are
extracted from a digital elevation model (DEM). The DEM used
is the 2000 SRTM (Shuttle Radar Topography Mission) 3-arcsec
DEM resampled to a grid resolution of 100 m.

� Information about landforms, lithology and soil are provided by
the Soil and Terrain database (SOTER) for China, version 1.0,
compiled by the Institute of Soil Science, Chinese Academy of
Science (ISSAS) and ISRIC-World Soil Information (Dijkshoorn
et al., 2008). A total of 310 SOTER units representing unique
combinations of terrain and soil characteristics are available
for our 35 study catchments.



Fig. 1. Map of the study area showing the position of the hydrological stations and weather stations. The number of available stations for each station type is shown in square
brackets in the legend. The black line illustrates the south (S) – north (N) division of catchments along the Huai river-Qin mountain line.
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� Landuse and vegetation information is provided by the 2009
Global Land Cover Map (GlobCover) (Bontemps et al., 2011).
The land cover map has a resolution of 300 m.

� Hydroclimatic characteristics are provided by available station
data (Fig. 1). Aridity and potential evapotranspiration (PET) data
are obtained via the CGIAR-CSI Global Aridity Index and Global
Potential Evapo-Transpiration Climate Database (Trabucco and
Zomer, 2009).

� Drainage characteristics such as the stream density or the per-
centage of 1st order streams are provided by the flow accumu-
lation grid extracted for each catchment during the PRMS-OMS
preprocessing steps.

� Model preprocessing (Section 3.2.2) also provides the structural
catchment attributes such as average HRU size or average chan-
nel segment length.

3. Methods

3.1. Study design

The study is performed in six steps (Fig. 2). In the first step, we
calibrate PRMS-OMS for each study catchment to obtain a best
parameter set satisfying specified performance criteria. PRMS-
OMS performs continuous simulations over several years, but only
the runoff data from storm events are considered for model cali-
bration. In the second step, we extract from various data sources
a set of characteristics describing the physical and climatic setting
of each catchment. For each category of catchment characteristics
(Table 2) we perform a principal component analysis (PCA). A PCA
results in a transformed space of the physiographic-climatic
descriptors in which the natural clusters in the data become more
distinguishable. The differences in PCA scores are then used to cal-
culate catchment similarity metrics. In step 3, we transfer the best
parameter set from each catchment to every other catchment and
assess the ability of the transferred model parameters to simulate
the streamflow in the target catchment. In step 4, we use classifi-
cation and regression trees (CART) to identify the catchment simi-
larity metrics that can be associated to similar parameter transfer
performance. In the next step, we apply the CART splitting rules
determined in leave-one-out tests to identify suitable donor catch-
ments for each individual assumed ungauged catchment. Finally,
we run PRMS-OMS with the parameter sets of the donor catch-
ments and evaluate model performance. An extreme value analysis
is performed both on the observed and the simulated runoff data to
assess the models’ ability to issue warnings when observed flows
exceed a given return period.

3.2. Rainfall-runoff model and model calibration

3.2.1. PRMS-OMS
PRMS-OMS is a physically-based rainfall-runoff model that can

operate at both daily and storm timescales, switching between the
two using a precipitation threshold. This functionality allows the
model to perform continuous simulations over several years, while



Table 1
Summary of study catchments. ‘N’ and ‘S’ reflects the geographical association of study catchments to North or South China.

Name Province (N)orth – (S)outh Area (km2) Altitude Range (m a.s.l.) Simulation Period No. of Storm Events

Gaocheng Henan N 629.6 248–1475 2000–2013 14
Hancheng Henan N 253.2 241–887 2000–2012 23
Luanchuan Henan S 339.7 741–2076 2000–2012 44
Manyuhe Henan S 209.0 416–1786 2000–2012 38
Tantou Henan S 1692.6 480–2144 2000–2012 43
Lixin Henan S 77.9 121–441 2000–2011 12
Pei River Henan S 17.0 105–779 2000–2013 14
Xiagushan Henan S 358.9 209–1252 2000–2013 15
Qigu Fujian S 14.1 195–617 1986–1991 6
Siqian Fujian S 131.1 392–1760 1986–1992 23
Xiaoanxia Fujian S 77.3 315–1204 1986–1992 7
Lengkou Shanxi N 75.7 608–1606 2000–2012 12
Lingshi Shanxi N 273.4 726–2553 1992–2006 9
Bei Zhang Dian Shanxi N 269.6 979–1546 2000–2013 46
Xiangning Shanxi N 319.0 948–1789 2000–2013 24
Wujiayao Shanxi N 78.3 1257–1816 1980–2000 10
Manshui Beijing N 657.9 94–2011 1981–2012 10
Baiyachang Beijing N 95.9 87–1481 1985–1994 21
Qingshui Beijing N 298.9 487–2281 1982–1996 10
Shangliu Jiangxi S 172.5 157–1424 1997–1998 7
Huating Gansu N 273.2 1404–2741 2000–2012 13
Majie Gansu N 74.1 1282–2803 2000–2012 13
Yaodian Gansu N 272.0 2043–2605 2001–2012 12
Qingyang Anhui S 111.5 12–1217 1995–2007 17
Sankouzhen Anhui S 260.3 162–1788 1991–2013 13
Jianshi Hubei S 161.6 548–2046 2000–2012 14
Songbai Hubei S 108.4 882–2281 2000–2012 49
Jiange Sichuan S 233.9 476–1222 1998–2012 29
Jiangxi Shaanxi N 86.8 635–1923 2000–2014 47
Luofu Shaanxi N 121.3 429–2395 2000–2014 29
Tiesuoguan Shaanxi N 444.0 725–1970 2008–2014 18
Xinghe Shaanxi S 474.9 1221–1787 2000–2014 34
Yimen Shaanxi S 225.1 626–2755 2000–2014 72
Zhashui Shaanxi N 448.2 819–2788 2000–2014 42
Zhuyuan Shaanxi S 404.6 725–2188 2000–2014 56

Table 2
Categories of catchment characteristics.

Name Characteristics (Abbreviation) Source

Topography ALT, ALT_MIN, ALT_MAX, INCL, INCL_5, INCL_15, EASTNESS, NORTHNESS Digital Elevation Model: SRTM 90m
Landform PLAIN, MED. GRADIENT HILL, MED. GRADIENT MOUNTAIN, HIGH. GRADIENT HILL,

HIGH. GRADIENT MOUNTAIN
Soil and Terrain database (SOTER) for China

Lithology GRANITE, GRANODIORITE, BASALT, IGNIMBRITE, GNEISS, SLATE, SANDSTONE,
SILTSTONE, SHALE, LIMESTONE, CALCAREOUS, FLUVIAL, BAUXITE

Soil and Terrain database (SOTER) for China

Soil texture SAND, SILT, CLAY Soil and Terrain database (SOTER) for China
Landuse CROPS_IRRIGATED, CROPS_RAINFED, CROPLANDS_MOSAIC, VEGETATION_MOSAIC,

EVERGREEN_CLOSED2OPEN, EVERGREEN_CLOSED, FOREST_CLOSED2OPEN,
SHRUBLAND_MOSAIC, GRASSLAND_MOSAIC, SHRUBLAND_CLOSED2OPEN,
GRASSLAND_CLOSED2OPEN, ARITIFICIAL

Global Land Cover Map (GlobCover) 2009

Climate PREC_ANNUAL, PREC_MAX1H, PREC_MAX24H, T_MEAN, T_MIN_MONTHLY,
T_MAX_MONTHLY, ARIDITY, PET/P

Meteorological stations, CGIAR-CSI Global Aridity Index and
Global Potential Evapo-Transpiration Climate Database

Drainage TOPWET, STREAM_DENSITY, 1st_ORDER, 2nd_ORDER, 3rd_ORDER, STRAHLER_MAX Digital Elevation Model: SRTM 90m, Flow accumulation (D4
algorithm)

Structure AREA, HRU_SIZE, CHANNEL_LENGTH Model preprocessing (see Section 3.2.2)
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switching to the storm mode to simulate storm response in greater
detail (Yates et al., 2000). The precipitation threshold used in this
study to switch to the storm mode is 5 mm/day. If precipitation
measured by any rain gauge within the catchment exceeds this
threshold, PRMS-OMS switches to hourly time steps. The model
returns to the daily mode sequence if this threshold is not
exceeded for two consecutive days.

PRMS-OMS modeling capabilities are provided by dividing the
watershed into ‘hydrologic response units’ (HRUs). HRUs share
common topographic and hydraulic properties (see Section 3.2.2
below). In the storm mode, HRUs are considered the equivalent
of rectangular flow planes that are linked to adjacent channel seg-
ments. Each flow plane has a width equal to the adjacent channel
segment and the same slope and area as the corresponding HRU.
The basin then is represented by a series of interconnected flow
planes and channel segments. Surface runoff is computed based
on the antecedent soil moisture and the rainfall amount, which
produce infiltration and saturation excess rates. These excess rates
are routed across the flow planes into the channel segments, and
channel flow is routed through the watershed channel system to
the basin outlet. A simplified Green–Ampt model is used to com-
pute infiltration (Leavesley and Stannard, 1995), and a kinematic
wave approximation is used for surface and channel flow routing.
Soil-water storage and flux in the soil zone is accounted for with a
series of conceptual reservoirs that also contribute to channel flow
during storm mode. The source of subsurface flow is soil water in



Fig. 2. Experimental design of the study.
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excess of field capacity. During daily mode, channel flow is not rep-
resented by the model but all fluxes are conceptualized as a linear
reservoir system. The Hamon method (Hamon, 1961) is used to
calculate potential evapotranspiration (PET).
3.2.2. PRMS-OMS preprocessing
To delineate, characterize and parameterize topographical and

hydrological basin features a new preprocessing tool has been
developed for this study in Matlab�. This preprocessing tool uses
the SRTM 3-arcsec DEM resampled to 100 m and flow accumula-
tion to delineate the watershed and to map the channel network.
The user inputs required for this step are the coordinates of the
catchment outlet (i.e. the coordinates of the hydrological station)
and the drainage density (i.e. the maximum possible area that
drains into a single channel grid cell). Channel segments are sepa-
rated by channel nodes. At each channel node, two to three
upstream channel segments are defined. HRUs are then defined
as the flow contributing areas left and right of each channel seg-
ment. A minimum HRU size can be defined which is complied with
by merging HRUs that are below this area threshold with neighbor-
ing HRUs. In the current study, a minimumHRU size of 1 km2 and a
maximum drainage area of 4 km2 was used for the preprocessing
of each catchment setup.
Table 3
Summary of PRMS-OMS calibration parameters. ‘Range’ indicates the minimum and maxi

Parameter Model component Description

kpar infiltration Hydraulic conductivity of the trans
psp infiltration Product of capillary rise and moistu
soil_moist_max subsurface Maximum available water holding
ssr2gw_rate subsurface, groundwater Coefficient to route water from sub
ssrcoef_lin subsurface routing Coefficient to route subsurface stor
ofp_alpha surface routing Kinematic parameter alpha for ove
hamon_coef evaporation Hamon air temperature coefficient,
Once the channel segments and adjacent HRUs are defined, HRU
and channel characteristics that are required input variables in
PRMS-OMS are extracted from the available data sources:

� Area and mean elevation, slope and aspect of the HRUs are com-
puted from the DEM.

� For each HRU, the nearest rain gauge and county weather sta-
tion are identified using the Thiessen polygon method. Those
stations provide the meteorological model inputs for the
respective HRU.

� Dominant HRU soil texture (sand, loam or clay) is identified
from available SOTER units. In PRMS-OMS, the empirical rela-
tions that are used to calculate actual evapotranspiration
(AET) as function of available soil water and PET vary with the
dominant soil texture (Leavesley and Stannard, 1995).

� Channel segment length and slope is computed from the DEM.
Channel width in meters is equal to the Strahler order times 10.

3.2.3. Automatic calibration
We use an automated procedure for PRMS-OMS parameter cal-

ibration. The optimization algorithm that was chosen for this pur-
pose is the Shuffled Complex Evolution technique (SCE) (Duan
et al., 1994, 1992, 1993). The SCE method selects a number of
points distributed randomly throughout the parameter space.
The sample is partitioned into several complexes. Each of these
complexes evolves using the downhill simplex algorithm to find
the minimum of an objective function. The population of points
is periodically shuffled to form new complexes so that the informa-
tion gained by the previous complexes is shared. The evolution and
shuffling steps continue until prescribed convergence criteria are
satisfied.

Only a subset of PRMS-OMS parameters is included for auto-
matic calibration. Calibration parameters have been selected based
on user experience regarding the most sensitive model parameters
(Table 3). Other PRMS-OMS parameters are not modified, which
limits the degree of freedom and hence the effects of non-
uniqueness in calibration. None of the calibration parameters influ-
ence precipitation or temperature inputs (Table 3).

Two objective functions (OFs) are used to calibrate PRMS-OMS
against measured hourly streamflow. The first is the Nash-
Sutcliffe efficiency criterion (NSE):

NSE ¼ 1�

Xn

t¼1

ðQobsðtÞ � QsimðtÞÞ2

Xn
t¼1

ðQobsðtÞ � Qobs meanÞ2
ð1Þ

where Qobs(t) is observed discharge and Qsim(t) is simulated dis-
charge at time t, respectively. A second OF is used to attribute more
weight to simulated peak discharge and consists of a linear combi-
nation of NSE and the error of peak runoff:

NSQP ¼ NSE � 0:5þ 1� jQP;sim � QP;obsj
QP;obs

� �
� 0:5 ð2Þ
mum values considered for automatic calibration.

Range (min.) Range (max.)

mission zone 2.54 mm/h 101.6 mm/h
re deficit at field capacity 0 mm 25.4 mm
capacity of soil profile 25.4 mm 508 mm
surface reservoirs to groundwater reservoirs 5%/day 100%/day
age to streamflow 0 0.33
rland flow routing 0.1 1.5
used in Hamon potential ET computations 0.004 0.02
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where QP,sim and QP,obs are simulated and observed peak discharges,
respectively.

3.3. Principal components analysis to identify similarity metrics

The decision tree model-building challenge is to abstract the
underlying distribution from the available set of training data.
However, decision tree models such as applied in this study are
exposed to the risk of overfitting. Overfitting occurs when the
training cases are memorized instead of identifying the underlying
dominant controls. To avoid overfitting, it is necessary to restrict
model complexity. Reducing the number of available variables
for model building is a way to reduce model complexity and con-
sequently to decrease the risk of overfitting. However, this may
cause a loss in the model’s flexibility and therefore a reduced clas-
sification accuracy. An effective way to maximize the model’s
potential but to reduce the dimensionality of the data set is to con-
sider only uncorrelated metrics for model building. Principal com-
ponents analysis (PCA, Legendre and Legendre, 1998) is therefore
used to select uncorrelated metrics representing best the natural
clusters in each category of catchment characteristics (Table 2).
PCA is a statistical procedure that uses an orthogonal transforma-
tion to convert a set of observations of possibly correlated variables
into a set of values of linearly uncorrelated variables called princi-
pal components (PCs). This transformation is defined in such a way
that the first principal component has the largest possible variance
(and therefore accounts for as much of the variability in the data as
possible), and each succeeding component in turn has the highest
variance possible under the constraint that it is orthogonal to the
preceding components. In this study, for each category of catch-
ment characteristics, the components that explain together at least
two third (66.6%) of the variance per category of catchment char-
acteristics are retained. If variables belonging to a given category
do not all have the same units, they are scaled to have unit variance
before the analysis takes place.

PCA has already been used in previous studies to reduce the
dimensionality of an available set of catchment characteristics
(Di Prinzio et al., 2011; Singh et al., 2014; Toth, 2013). Singh
et al. (2014) retained the characteristics for the decision tree anal-
ysis that had the strongest correlations with the main PCs. How-
ever, the dimensionless PCs represent the uncorrelated patterns
better than the individual catchment characteristics. In this study,
therefore, the PC scores rather than the actual catchment charac-
teristics are considered for model building. PC scores are the value
of a principal component for a given data point. The absolute dif-
ferences between each pair of catchment PC scores (represented
hereafter as DPC followed by the category name; Table 4) repre-
Table 4
Variables available for tree construction and characteristics that have the strongest co
characteristics (Table 2).

Variables Main correlates (Abbreviation) Description

Dxy – Horizontal distance
DPC1 topography ALT_MAX Maximum altitude
DPC2 topography INCL_15 Area with inclination >1
DPC1 structure CHANNEL_LENGTH Average channel segmen
DPC2 structure AREA Catchment area
DPC1 landform HIGH.GRADIENT_MOUNTAIN Area with dominant lan
DPC2 landform PLAIN Area with dominant lan
DPC1 lithology CALCAREOUS Area with dominant par
DPC2 lithology SANDSTONE Area with dominant par
DPC1 landuse EVERGREEN-FOREST Area with dominant veg
DPC2 landuse CROPS_IRRIGATED Area with dominant veg
DPC1 texture SAND Average relative proport
DPC1 climate PREC_ANNUAL Mean annual precipitati
DPC1 drainage X2nd_ORDER Percent of stream length
DPC2 drainage STREAM_DENSITY km of streams per catch
sent the similarity metrics available for the decision tree analysis.
In addition to the similarity metrics, the spatial distance between
catchments (Dxy) is also used as a potential predictor (Table 4).

3.4. Classification and regression trees

We apply two types of decision trees – classification and regres-
sion trees (CART) – to explore parameter set transferability in the
full space of catchment descriptors. CART are structures that
include one or several root nodes and branches. Each internal node
(‘split’) denotes a test on an attribute, each branch denotes the out-
come of a test. The goal is to create a model that predicts the target
variable (in our case the transfer performance) based on several
catchment similarity metrics. We use the statistical CART package
of R called ‘Rpart’ (Therneau and Atkinson, 2015). The Rpart algo-
rithm performs recursive partitioning of training data into cate-
gories (‘branches’). In our application of CART, each branch
represents a category of transfer performance. The difference
between regression trees and classification trees is that regression
trees consider the target variable as continuous, whereas classifica-
tion trees are used when the target variable is categorical in nature.
Thus, in our regression tree analysis, the transfer performance (TP)
category is represented by a real number (NSE or NSQP, see Eqs. (1)
and (2)), and the mean squared error in each branch is minimized.
TP values below zero are replaced by zero to avoid skewing the
analysis towards low transfer performances. For the classification
tree analysis, we divide the transfer performance into three
groups – ‘bad’ (TP � 0), ‘medium’ (0 < TP � 0.5), and ‘good’
(TP > 0.5). The algorithm then minimizes the misclassification rate
of the training data.

One of the questions that arises in a decision tree algorithm is
the optimal size of the final tree. A tree that is too large risks over-
fitting the training data, which increases the misclassification risk
of new samples. A small tree, on the other hand, might not capture
important structural information about the sample space. We
therefore limit the size of decision trees to 3–9 nodes. Within this
range, the optimal tree size is identified by maximizing the accu-
racy measured by cross-validation. For this purpose, a large num-
ber of cross-validations are performed during the initial tree
construction by Rpart. The mean and the standard deviation of
the errors in the cross-validated predictions are then used to deter-
mine the optimal tree size. We consider the simplest tree with a
cross validation error (xerror) under min(xerror) plus one standard
error (SE) (‘Min + 1SE rule’, see Figs. 3 and 4). The number of cross
validations performed by Rpart is set to 500. To further minimize
the risk of overfitting, we set the minimum number of observations
that may occur in any terminal branch to 30.
rrelation with the Principal Components (PCs) of a given category of catchment
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Fig. 3. Regression tree analysis to group parameter transfer performances (NSE objective function). Left: Relative cross-validation and regression errors for different tree
sizes. Right: Regression tree relating clusters of different transfer performance with similarity indices (Table 4). n is the number of parameter transfers grouped in any
terminal branch. The mean transfer performance in each terminal branch is also shown.

Fig. 4. Classification tree analysis to group parameter transfer performances (NSE objective function). Left: Relative cross-validation and classification errors for different tree
sizes. Right: Classification tree relating clusters of transfer performance with similarity indices (Table 4). Transfers are pre-classified into three categories (0: NSE � 0, 0.5: 0 <
NSE � 0.5, 1: NSE > 0.5). At each terminal branch the histograms of the three different transfer performance categories are shown, as well as the value that occurs most often
and the number of observations.
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3.4.1. Parameter regionalization based on CART
The training set of data that is partitioned by CART are the effi-

ciency scores (NSE or NSQP), obtained when transferring the cali-
brated parameter sets across all catchments. This means that the
training set of data consists of a maximum of 1190 observations
(35 target catchments with 34 potential donor catchments each).
However, for an independent validation of the parameter regional-
ization approach based on CART, we perform leave-one-out tests.
In each leave-one-out test, we remove all parameter transfers
involving a given catchment from the training set of data, and
use only the remaining data for tree construction. We further
remove from the training set of data all target catchments that
have a ‘regionalization potential’ of less than zero and all donor
catchments with a calibration performance of less than zero. To
identify the ‘regionalization potential’, we look at the best transfer
performance of all possible transfers for a given catchment. Likely,
a low regionalization potential can be attributed to low model per-
formance, rather than to hydrological dissimilarity. Those mislead-
ing cases should therefore be removed from the training set of
data.
In each leave-one-out test we identify the CART splitting rules
that lead to the terminal branch representing the best transfer per-
formance. We then look for donor catchments that fulfill these
splitting rules, considering the similarity data available for the
catchment that was excluded in the leave-one-out test. The cali-
brated parameter sets corresponding to all donor catchments that
fulfill these rules are used for transfer. If none of the potential
donor catchments fulfils the rules, the terminal branch represent-
ing the next best transfer performance category is considered and
so on. The median runoff of all hydrographs generated with trans-
ferred parameters is used to assess regionalization performance.

3.4.2. Variable importance
We consider three different ways to assess the importance of

similarity metrics for identifying suitable donor catchments:

� ‘Transfer selection’: for this measure of variable importance we
calculate the probability that a given similarity metric is used
for selecting suitable donor catchments, based on all decision
trees from the leave-one-out tests.
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� ‘Tree construction’: for this measure of variable importance we
calculate the probability that a given similarity metric is used
for tree construction, based on all decision trees from the
leave-one-out tests.

� ‘Rpart’: this is an algorithm provided by the Rpart package to
assess variable importance. It considers the sum of the goodness
of split measures for each split for which a given similarity met-
ric was used, plus the goodness times the agreement for all
splits in which it was a surrogate (Therneau and Atkinson,
2015). A surrogate split mimics a split as closely as possible.
This approach therefore considers equifinality to assess variable
importance. The leave-one-out tests are not considered for this
measure but only the decision tree constructed with the full set
of training data.

For a better comparability of the three measures to assess vari-
able importance, these are scaled to sum to 100. To increase the
robustness of our results, we repeat the analysis of variable impor-
tance for several slightly different catchment ensembles (the full
ensemble plus n samples, whereas n is the total number of catch-
ments and each catchment is excluded one by one). For a better
comparability of our variable importance estimates with those of
other studies, we also apply the RPART algorithm to a training
set of data excluding Dxy as a potential predictor.

3.5. Model evaluation

A warning system for flash floods depends on reliable warnings
for flood events exceeding a given return period. We evaluate thus
the ability of PRMS-OMS to correctly identify streamflow extremes
with a flood frequency analysis. First, the maximum likelihood
estimates of the parameters of the generalized extreme value
(GEV) distribution are calculated for both the observed and the
simulated peak flows of all storm events registered at a given study
catchment. The return periods of simulated and observed peaks are
then estimated using the cumulative distribution function (CDF) of
the fitted GEV distribution:

Return Period ¼ 1
nð1� pÞ ð3Þ

where n is the average number of events per year and p is the non-
exceedance probability (i.e. the CDF value). For each observed and
simulated storm event, we thus determine if the maximum hourly
discharge of the event exceeds a reference flood quantile of a given
return period. The models’ ability to accurately issue warnings for
observed events that exceed the return period threshold is assessed
by three different contingency scores (Javelle et al., 2016, 2010;
Norbiato et al., 2008; Schaefer, 1990; Werner and Cranston,
2009). The contingency scores ((4)–(6)) consider the number of hits
(H), misses (M) and false alerts (FA) associated to a given
catchment.

Probability of detection : POD ¼ H
H þM

ð4Þ

Success rate : SR ¼ H
H þ FA

ð5Þ

Critical success index : CSI ¼ H
H þM þ FA

ð6Þ

Furthermore, to assess how well the peak flows are reproduced
in a temporal way, the contingency scores are calculated with a 2-h
condition on timing accuracy (hereafter called POD 2h, SR 2h and
CSI 2h). Thus, the detected peak flows are considered as hits only
if the difference in timing between simulated and observed flood
peaks is less or equal than two hours, and are considered as misses
if this is not the case. We compute the contingency scores for two
return periods: 2-year and 10-year thresholds, corresponding to a
‘common’ flood and a relatively rare flood (Javelle et al., 2016).

To assess the uncertainty of model performance and to assess
how regionalization performance depends on sample size, we
repeat the regionalization process for different catchment ensem-
bles. For this purpose, one to twenty catchments are randomly
chosen and excluded from the analysis. For each sample size
(15–34 catchments), we run the regionalization process with 100
random ensembles. Contingency scores calculated for individual
catchments are averaged over the different catchment ensembles
to discuss overall model performance.

To discuss the relative merits of parameter regionalization
based on CART with respect to other methods, we evaluate also
the following commonly applied methods of determining physi-
cally similarity between catchments:

� A ‘closest neighbor’ approach, where the nearest neighbor (NN)
in terms of spatial distance is used as a donor catchment for
parameter transfer. This approach is named 1-NN (proximity)
hereafter.

� A rank-accumulated similarity method (Heřmanovský et al.,
2017; Oudin et al., 2008; Zhang and Chiew, 2009). The potential
donor catchments are ranked according to each similarity met-
ric (Table 4). Rank 1 goes to the potential donor with the lowest
absolute difference, rank 2 goes to the potential donor with the
second lowest absolute difference, and so forth. The potential
donor with the smallest sum of partial ranks is chosen as the
actual donor catchment. Dxy is not considered for this method.
This approach is named 1-NN (ranks) hereafter.

4. Results

4.1. Catchment preprocessing

The fully automatic catchment preprocessing resulted in an
average HRU size of 3.9 km2 across all 35 study catchments. The
generated catchment channel networks have an average spatial
resolution of one channel node per 5.8 km2, or one channel node
per every 4.2 km channel length. The variation in catchment areas
is relatively large (14–1690 km2, with 90% of all catchments having
an area of 74–630 km2). However, the uniform preprocessor set-
tings guarantee a similar spatial resolution, which on one hand is
necessary for the comparability of model performance and on the
other hand is an important condition for the transferability of
model parameters. The standard deviation across catchments in
average HRU size is only 0.8 km2, and the standard deviation across
catchments in average channel segment length is 0.7 km.

4.2. Rainfall runoff model performance

PRMS-OMS calibration performances for the 35 study catch-
ments are presented in Fig. 5. A calibration performance of less
than 0.5 is achieved for 29%–31% of the catchments (depending
on the OF, Fig. 6). Almost all these catchments (90%–100%) are
located in dryer North China. It is well known that hydrological
models perform better in humid zones than in arid and semi-arid
zones due to highly complex hydro-meteorological processes
(Hapuarachchi et al., 2011; Pilgrim et al., 1988). However, catch-
ments with a medium calibration performance (0 < OF � 0.5) are
still considered as potential donors for parameter set transfer.
PRMS-OMS still captures the general hydrological behavior of
these catchments in terms of discharge volumes and streamflow
timing, but has difficulties to reproduce peak flows (Supplemen-
tary Table A1). The hydrographs of all catchments are shown in
Appendix D of the Supplement. Only the Wujiayao catchment
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(Shanxi province) is excluded as a potential donor for parameter
set transfer due to low calibration performance (OF � 0), and only
for the analysis based on NSE. This is also the only catchment with
a regionalization potential of less than zero (only NSE OF).

Across all catchments, we consistently identify a small differ-
ence between calibration performance and regionalization poten-
tial (Fig. 5). For both OFs this difference is on average 0.06. This
confirms the transferability of automatically calibrated PRMS-
OMS parameters and suggests that hydrologically similar catch-
ments can be identified across the entire study domain despite
its large geographic extent.

4.3. Training data

Due to a low calibration performance or regionalization poten-
tial, considering the NSE objective function, 68 out of 1190 possible
parameter set transfers are excluded from the training set of data.
From the data set generated with the NSQP objective function, no
transfers are excluded. For each leave-one-out test at least 1056
observations are available. If the decision tree analysis is carried
out considering only parameter transfers between the 17 northern
or between the 18 southern catchments, at least 210 or 272 obser-
vations can be used, respectively. Based on the principal compo-
nent analysis, 14 catchment similarity metrics are extracted from
the eight categories of catchment characteristics (Table 4). For
the two categories ‘soil texture’ and ‘climate’ the first principal
Fig. 5. Hydrological model performance for the 35 study catchments: calibration perfor
parameter set transfers (grey areas), ranges of transfer performance if regression (a, b) or
on top of the grey areas). NSE and NSQP are the objective functions (OF’s) used for calibra
for 1-nearest neighbor regionalization methods: spatial proximity (‘1-NN proximity’) and
y-axis only shows values � �1. (For interpretation of the references to colour in this fig
component explains already at least two third of the total variance.
In all other categories, two similarity metrics are considered. In
addition to the 14 similarity metrics, the horizontal distance
(Dxy) between study catchments is used as a potential predictor
of parameter set transfer performance. 15 available predictors
per at least 210 outcomes can be considered as an acceptable ratio
to minimize the risk of overfitting (Peduzzi et al., 1996).

The training data consists of transfer performances that range
from positive to negative values in all catchments with a regional-
ization potential above zero (Fig. 5). Across all catchments, ‘bad’
transfer performances (OF � 0) represent 43–51% of all observa-
tions and ‘medium’ transfer performances (0 < OF � 0.5) 31–36%,
respectively. ‘Good’ transfer performances (OF > 0.5) are slightly
less common in the training data (18–20%, depending on OF).
The more frequent occurrence of low transfer performances, both
across individual catchments and across the entire set of training
data, excludes the suitability of a regionalization method that
selects donor catchments randomly (Zhang and Chiew, 2009).

4.4. Regionalization performance

Parameter regionalization with CART yields in 26–34% of all
catchments a NSE value larger than 0.5 and in 20–23% of all cases
a NSQP value larger than 0.5 (Fig. 6a and b). The median NSE value
for assumed ungauged catchments decreases by 0.44–0.47 with
respect to calibration. Regionalization based on calibration trees
mances (black dotted lines), ranges of model performance considering all possible
classification trees (b, d) are used for selecting donor catchments (blue areas, plotted
tion and to assess transfer performance. NSE (a) and NSQP (b) values are also shown
physiographic-climatic similarity (‘1-NN ranks’). Note that for better readability the
ure legend, the reader is referred to the web version of this article.)



Fig. 6. Hydrological model performance divided into three groups – bad (NSE � 0), medium (0 < NSE � 0.5), and good (NSE > 0.5). The figures show calibration performance,
the best model performance of all possible transfers for each catchment (‘Regionalization potential’) and the model performance corresponding to the median runoff of all
selected transfers following the decision tree regionalization approaches (‘Regression trees’ and ‘Classification trees’). NSE and NSQP are the objective functions used for
calibration and to assess transfer performance.
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or regression trees performs almost equally. Median NSE values
with the 1-NN (proximity) method decrease also by 0.44, and even
by 0.62 using the 1-NN (ranks) method (all values are shown in
Fig. 5).

The difference between calibration and regionalization perfor-
mance is much smaller considering the results of the flood fre-
quency analysis. The POD for 10-year flood events remains
almost identical (Fig. 7, both OFs). The CSI decreases only by 1–
2%, considering CART regionalization (NSE OF) and by 5–10% con-
sidering the CART-NSQP methodology (Supplementary Fig. E2).
Again, regression trees and classification trees perform almost
equally for parameter regionalization.

Considering the contingency scores for 10-year flood events,
CART regionalization mostly outperforms 1-NN regionalization.
The POD at ungauged catchments is on average 10–12% higher if
the CART-NSE methodology is used and 3–10% higher with the
CART-NSQP methodology (Fig. 7, Table 5). Overall, the highest
probability of detection with regionalized parameters is achieved
with the CART-NSQP methodology (63%, Table 5). CSI scores are
1–7% higher than those calculated on the basis of the 1-NN
approaches (Supplementary Fig. E2, Table 5). The two 1-NN
approaches reveal a similar performance. 1-NN regionalization
based on physiographic-climatic similarity (1-NN ranks) outper-
forms CART regionalization in some cases with respect to the SR
score (Supplementary Fig. E1). However, such high values of SR
coincide always with low values of POD, which means that the
number of false alerts decreases at the expense of more frequent
missed warnings (Eqs. (4) and (5)). If a condition on simulated peak
flow timing accuracy is included, the difference in contingency
scores between 1-NN (proximity) regionalization and CART region-
alization disappears (Supplementary Figs. E3–E5), and increases
between 1-NN (ranks) regionalization and CART regionalization
(difference 8–20%, Table A2).

The analysis of contingency scores as a function of sample size
reveals that the differences in regionalization performance
between CART and 1-NN approaches, as reported above, are consis-



Fig. 7. Probability of detection (POD) of a 10-year flood event. The average scores in function of sample size are shown for four different regionalization methods: regression
trees, classification trees, 1-nearest neighbor donor selection based on spatial proximity (‘1-NN proximity’) and based on accumulated ranks of all available similarity metrics
(‘1-NN ranks’). b and e: average POD in southern catchments, c and f: average POD in northern catchments. The black lines represent the scores if only parameter transfers
between catchments belonging to the same region are considered for the regression tree analysis. NSE and NSQP are the objective functions used for model calibration. Error
bars represent the standard deviation around the mean performance considering 100 different catchment ensembles per sample size.

Table 5
Contingency scores of PRMS-OMS simulations for different regions (A: all catchments, S: southern catchments, N: northern catchments), using four different regionalization
approaches. POD is the probability of detection (Eq. (4)), SR is the success rate (Eq. (5)) and CSI is the critical success index (Eq. (6)). NSE and NSQP are the objective functions used
for model calibration. For each region and each return period, the bold numbers represent the highest contingency score.

A S N A S N A S N

POD (%/100) SR (%/100) CSI (%/100)

2-year return period threshold
NSE
CLASS. TREE 0.73 0.76 0.70 0.73 0.80 0.66 0.58 0.64 0.51
REG. TREE 0.71 0.75 0.67 0.73 0.79 0.66 0.56 0.63 0.49
1-NN (PROX.) 0.70 0.80 0.60 0.75 0.83 0.66 0.57 0.69 0.44
1-NN (RANK) 0.72 0.78 0.65 0.70 0.76 0.64 0.55 0.63 0.47
NSQP
CLASS. TREE 0.69 0.74 0.63 0.70 0.74 0.67 0.53 0.59 0.48
REG. TREE 0.69 0.74 0.62 0.71 0.78 0.63 0.54 0.63 0.45
1-NN (PROX.) 0.72 0.79 0.64 0.75 0.83 0.67 0.58 0.68 0.47
1-NN (RANK) 0.73 0.77 0.68 0.71 0.75 0.67 0.56 0.61 0.50

10-year return period threshold
NSE
CLASS. TREE 0.62 0.74 0.45 0.56 0.65 0.44 0.42 0.54 0.29
REG. TREE 0.59 0.71 0.45 0.63 0.73 0.50 0.43 0.55 0.29
1-NN (PROX.) 0.50 0.65 0.30 0.53 0.63 0.33 0.36 0.50 0.18
1-NN (RANK) 0.51 0.55 0.45 0.64 0.76 0.50 0.40 0.46 0.32
NSQP
CLASS. TREE 0.59 0.78 0.35 0.56 0.68 0.38 0.40 0.57 0.21
REG. TREE 0.63 0.77 0.45 0.63 0.67 0.57 0.46 0.57 0.32
1-NN (PROX.) 0.57 0.77 0.30 0.48 0.57 0.29 0.38 0.53 0.18
1-NN (RANK) 0.53 0.59 0.45 0.58 0.70 0.44 0.39 0.46 0.30
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tent (Fig. 7 and Supplementary Figs. E1–E5). More than 40,000
decision trees per CART method have been generated for the
leave-one-out tests that constitute the basis of this result. The dif-
ferences with respect to the other tested regionalization
approaches are therefore significant at the 0.01 level.

Regarding the detection of 2-year floods at ungauged catch-
ments, the performance of the different regionalization approaches
is very similar. All four regionalization methods lead to POD scores
between 69% and 73% and to CSI scores between 53% and 58%,
respectively (both OFs, Fig. 7). The small differences are consistent
across different samples sizes and catchment ensembles (results
not shown).

The leave-one-out tests across all sample sizes show that the
contingency scores are 7–25% higher for southern catchments than
for northern catchments (considering all regionalization methods,
return periods and OFs, Table 5). This result is consistent with
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the NSE and NSQP values calculated for pseudo-ungauged catch-
ments: the model fails (OF � 0) for less than 17% of all southern
catchments (both OFs and CART methods, Fig. 6c and d) but fails
for 47%–53% of all northern catchments. Comparing calibration
and regionalization results, the median NSE value decreases for
ungauged catchments by 0.44 (both CART methods) in the North
and by 0.22–0.33 in the South.

We also calculated the CART contingency scores for ungauged
catchments admitting only parameter transfers between northern
or only between southern catchments (Fig. 7 and Supplementary
Figs. E1–E5). The corresponding average contingency scores tend
to be in the upper 50% quantile of all scores achieved with sample
sizes of 16–18 catchments in the South. For northern catchments,
the opposite is the case. This means that northern catchments ben-
efit from training data involving parameter transfers across the
two main regions while southern catchments do not.

Fig. 8 visualizes the strong south-north gradient in model per-
formance. In the southernmost catchments, the probability of
detection of a 2-year or a 10-year flood in ungauged catchments
is 80% or higher. In the northern Beijing province, however, this
probability decreases to 40% or less (Fig. 8a and c). It is interesting
to note that an additional condition on peak flow timing accuracy
reduces the POD for 2-year floods by about 20% across all regions
(Fig. 8b), whereas POD and POD-2h scores are almost identical
for 10-year floods. This means that the model has more difficulties
to simulate the correct peak flow timing for relatively weak floods,
while the timing of those larger floods that can be detected is rep-
resented correctly.

The relative skills of the four assessed regionalization tech-
niques differ between North and South China. For South China,
considering the POD and the CSI scores, the two CART approaches
perform best, followed by the 1-NN proximity approach and then
by the 1-NN ranks approach (Fig. 7 and Supplementary Fig. E2).
For northern catchments, the 1-NN ranks approach performs
clearly better than the proximity based 1-NN method, while the
CART regionalization performance is equivalent (Fig. 7c) or slightly
below (Fig. 7f) 1-NN ranks performance. The order of performance
is consistent for 2-year or for 10-year contingency scores, but the
absolute differences in scores between different methods are larger
for 10-year floods (up to 28% difference) than for 2-year floods (up
to 10% difference, Table 5).

4.5. Variable importance

According to our analysis, the most important predictor for
parameter set transferability is DPC2 topography followed by
Dxy. PC2 topography has a maximum correlation with the fraction
of catchment area with a slope >15� and Dxy is the horizontal dis-
tance between catchments (Table 4). Other predictors that reach a
variable importance higher than 15% are DPC2 structure (correlat-
ing with catchment area) and DPC1 and DPC2 Landform (correlat-
ing with the fractions of ‘mountainous ‘and ‘plain’ catchment area,
respectively).

There is a good agreement between the three measures of vari-
able importance. The differences between variables are less accen-
tuated according to the RPART algorithm, which considers also
surrogate splits, but the order of importance agrees between the
three different measures. The average uncertainty of the outputs,
quantified by considering different catchment ensembles, is
around 3% and therefore much less than the difference in variable
importance between most and least important variables (up to 40%
difference). The differences in variable importance between regres-
sion and classification tree analyses are on average only 2.4%. Sim-
ilarly, the results based on NSE and NSQP objective functions differ
very little (on average 2.7% difference in variable importance for
the same variable). The results with the RPART algorithm are espe-
cially consistent between the two CART methods and between NSE
and NSQP assessments, with an average difference in variable
importance of only 2% and no individual variable importance dif-
fering by more than 7.7% for the same variable.

If Dxy is excluded as a potential predictor, the importance of
several other variables increases (e.g. DPC1 topography, DPC1
lithology or DPC2 landuse), but none of them by an amount that
exceeds the uncertainty in variable importance (Fig. 9). This result
shows that, at most, only combinations of several other variables
can substitute the information about hydrological similarity pro-
vided by Dxy.

It is interesting to note that the spatial distance between catch-
ments (Dxy) is not always among the most important predictors
for parameter set transferability in northern catchments. In north-
ern catchments, Dxy variable importance is 7–9% lower than Dxy
variable importance in southern catchments (Fig. 10). This result
agrees with the generally higher performance of the 1-NN (prox-
imity) regionalization approach relative to the 1-NN (ranks)
approach in South China and vice versa in North China. Variable
importance calculated for southern and northern catchments is
slightly more uncertain (average uncertainty of 4–5% instead of
3% if the entire sample is considered), but still consistent between
regression and classification trees (on average 2.5–3% difference).
The differences in variable importance based on NSE or NSQP
assessments increase for northern catchments (on average 7%
instead of 2% if all catchments are considered). DPC2 Topography
is by far the most important variable for NSE transfer assessments
in North China, but this is not the case for NSQP transfer assess-
ments (Fig. 10).
5. Discussion

5.1. Parameter regionalization with CART

Although we have shown that the potential regionalization per-
formance is high for nearly every catchment in our sample
(Fig. 6a and b), more than 50% of all possible parameter transfers
lead to a NSE or NSQP value of less than 0. This represents a chal-
lenging situation for similarity-based parameter transfer approach,
as any suboptimal choice of a donor catchment is ‘punished’ with a
low model performance, and explains why the NSE or NSQP values
decrease on average by more than 0.4 after parameter regionaliza-
tion. The flood frequency analysis reduces strongly the difference
between calibration and regionalization performance. Still, the
performance of regionalization approaches increases if a given
catchment ensemble is hydrologically more homogeneous. The
higher homogeneity in catchment attributes explains why the
probability of detection of a 10-year flood in a southern catchment
increases by 4–6% if only parameter transfers within South China
are considered (Fig. 7b and e). Southern catchments are more
homogeneous than northern catchments especially with respect
to topographical attributes. The standard deviation in PC2 topogra-
phy scores is more than twice as high for northern catchments
than for southern catchments (supplementary Fig. B1). The vari-
able importance analysis has revealed that DPC2 topography is
the most important predictor for parameter set transferability
(Fig. 9). PC2 topography correlates both with slope and altitude
attributes (supplementary Fig. B1). Also Heřmanovský et al.
(2017), Beck et al. (2015), Singh et al. (2014) and Toth (2013) have
identified catchment elevation or slope among the most important
catchment descriptors for assessing hydrological similarity.

Since the northern catchments vary strongly in their topograph-
ical attributes, the contingency scores do not increase if only
parameter transfers within North China are considered
(Fig. 7c and f). The average distance to the nearest neighbor is also



Fig. 8. Spatial distribution of the probability to detect 2-year (a and b) and 10-year flood events (c and d) in pseudo-ungauged catchments based on PRMS-OMS simulations
with regionalized parameters (regression tree analysis, NSQP objective function). In subplots b) and d) detected peak flows are only considered as hits if the difference in
timing between simulated and observed flood peaks is less or equal than two hours. Contour lines represent 2nd-order trend surfaces fitted to the points.
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rather high for northern catchments (110 km). The large distances
and the strong heterogeneity in catchments attributes explain why
the 1-NN proximity regionalization approach is outperformed in
the North by the regionalization methods that select donor catch-
ments based on physiographic-climatic similarity. In the South, on
the other hand, topographical attributes vary less over the dis-
tances between our study catchments, and therefore the 1-NN
proximity method outperforms the 1-NN ranks approach (Fig. 7,
Table 5). Consequently, also the variable importance of Dxy is
higher (Fig. 10).

The advantage of parameter regionalization with CART is the
methods’ flexibility regarding the consideration or not of spatial
proximity for selecting suitable donor catchments. For 7%–36% of
the decision trees generated for this study (depending on the
objective function to assess transfer performance), a condition on
Dxy was used for tree construction but not for donor selection.
For about 32% of the tress, the algorithm did not select Dxy for tree
construction. This is the main explanation why CART regionaliza-
tion can outperform or show the same performance than both 1-
NN approaches in North and in South China (Fig. 7, Table 5).

All regionalization methods assessed in this study have in com-
mon that the difference in mean contingency scores for ensembles
including 15 or 35 catchments is usually less than 2% (Fig. 7, Sup-
plementary Figs. E1–E5), while the standard deviations in contin-
gency scores reach up to 13% for the same sample size (e.g.
Fig. 7a). We conclude that the composition of the catchment
ensemble is the main driver of uncertainty in regionalization per-
formance, rather than sample size. However, CART regionalization
performance variability for a given sample size is 5–30% larger
than the variability in 1-NN proximity regionalization performance
and 0–20% larger than the variability in 1-NN ranks regionalization
performance. This means that simple techniques still have the
advantage of lower uncertainties associated to parameter regional-
ization skills.



Fig. 9. Importance of variables used for regression/classification tree analysis (variables are listed in Table 4). The three measures of variable importance (‘RPART’, ’Tree
construction’ and ‘Transfer selection’) are presented in Section 3.4.2. RPART (without Dxy) are the RPART outputs if the spatial distance between catchments is not used as a
potential predictor. Error bars represent the standard deviation in variable importance considering 36 slightly different catchment ensembles. NSE and NSQP are the objective
functions used for model calibration and to assess transfer performance.

Fig. 10. Comparison of regression tree RPART variable importance for all catchments combined (A) and for northern (N) and southern (S) catchments, respectively. The
central marks correspond to the median variable importance and the edges of each box are the 25th and 75th percentiles. Only variables with a median variable importance
exceeding 15% in at least one category are shown. NSE and NSQP are the objective functions used for model calibration and to assess transfer performance.
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Because dominant controls on hydrologic parameter transfer
vary for different hydroclimatic regions (Singh et al., 2014), the
splitting rules of decision trees should only be used for geographic
regions where also donor catchments are available (i.e., we do not
recommend applying the decision trees presented here for select-
ing suitable donor catchments in other countries or Chinese pro-
vinces). In general, it is difficult to prevent CART analysis from
partly reflecting the structure of the data set instead of only iden-
tifying underlying dominant controls. Dissimilarities rather than
similarities are frequently used to group good parameter transfer
performance. The classification tree in Fig. 3b presents an example
for this. DPC1 landuse is used to distinguish two clusters, but the
cluster to which lower performance is associated (NSE 0.165) is
characterized by a higher similarity in PC1 landuse (DPC1 lan-
duse < 0.558). Northern catchments have in common that the per-
centage of evergreen forest is low (which is the main correlate of
DPC1 landuse, see supplementary Fig. B4). The dissimilarity that
is used here for tree construction can therefore be explained by
spatially heterogeneous model performance – the transfer perfor-
mance between northern catchments is low even though the
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landuse is similar. In some cases, it is therefore difficult to interpret
variable importance. More examples of decision trees are pre-
sented in Appendix C of the Supplement.
5.2. Performance evaluation

For assumed ungauged catchments, this study reaches average
POD scores of 0.69–0.73 for 2–year floods and 0.59–0.63 for 10-
year floods (Table 5). The CSI scores that are achieved for the same
return periods are 0.53–0.58 and 0.40–0.46, respectively (Table 5).
These values compare well with those reported by previous flash
flood warning studies for ungauged catchments. Javelle et al.
(2016) have set up a flash flood warning system for ungauged
catchments in France using a simple conceptual hourly hydrologi-
cal model and simple nearest neighbor techniques for parameter
estimation. The average POD and CSI scores for 2-year return peri-
ods that they calculated are 0.48 and 0.36, respectively. For sepa-
rate regions of France these values increase to up to 0.77 and
0.56, which are similar to the scores calculated in this study for
South China (POD: 0.74–0.76, CSI: 0.59–0.64, Table 5). Norbiato
et al. (2008) have transposed the model parameters from parent
basins to the interior basins at 6 mountain catchments in France
and Italy, and calculated average POD and CSI scores for the nested
basins of 0.85 and 0.21, respectively (2-year return periods). The
large difference between POD and CSI indicates that the number
of false alerts was high.

The average POD and CSI scores for northern catchments are by
up to 0.4 lower than in South China. The difference in regionaliza-
tion performance can mostly be explained by the difference in cal-
ibration performance. To improve the model for North China, we
recommend testing the models’ ability to adequately represent
Hortonian overland flow volumes. Soil saturation occurs relatively
rarely compared to the more humid zones in the South, and
infiltration-excess runoff is a more dominant process during heavy
rainfall events. Also, prolonged wet or dry sequences, common to
semi-arid environments, may change the character of the hydro-
logic behavior and hence calibrated model parameters. This partly
explains why hydrological models with constant parameters gen-
erally perform better in humid regions (Hapuarachchi et al.,
2011; Pilgrim et al., 1988) and why such models tend to underes-
timate discharge for events occurring after long dry periods
(Adamovic et al., 2016).
6. Conclusions

This paper introduces a novel technique for hydrologic param-
eter regionalization based on a decision tree learning approach.
Decision tree learning is a predictive modeling approach used in
statistics, data mining and machine learning. We use this tech-
nique in combination with the hydrological model PRMS-OMS to
propose a strategy for how to parameterize existing gauged catch-
ments’ flood events and generalize the parameters and model
approach to ungauged catchments of China. The classification
and regression trees (CART) generated in this study cluster param-
eter transfers of similar performance and then explore the infor-
mation content of available catchment descriptors to explain
successful or failed parameter transfers. CART provide rules that
can be applied to identify suitable donor catchments for any
ungauged target catchment.

CART parameter regionalization performance is evaluated sepa-
rately for different regions and compared to the performance of
simple 1-nearest neighbor (1-NN) parameter transfer methods.
The ability of PRMS-OMS to simulate flash floods in 35 pseudo-
ungauged basins with regionalized parameters is assessed by
means of categorical statistics, such as the critical success index
(CSI) or the probability of detection (POD) of 2-year and 10-year
flood events. North China is characterized by a high spatial vari-
ability in topography, and thus a 1-NN approach that selects donor
catchments based on physiographic-climatic similarity performs
better than if donor catchments are selected solely based on spatial
proximity. In South China, the opposite is true. In both regions,
CART parameter regionalization outperforms or shows the same
performance than the two 1-NN approaches. Overall, for 10-year
events, the POD and the CSI are on average 0.02–0.12 higher than
based on 1-NN regionalization. The reason for the higher perfor-
mance of CART is that decision trees offer flexible rules for select-
ing suitable donor catchments, since several decision-making
paths can be followed. Spatial proximity can be used as a selection
criteria but is skipped in the case where no similar gauged catch-
ments are in the vicinity. We also show that the relative utility
of different catchment similarity metrics varies for different
regions. Similarity in topography (slope and altitude) is the most
frequently used criteria to select donor catchments, particularly
in North China. We conclude that the CART regionalization concept
is particularly suitable for implementation in sparsely gauged and
topographically complex environments where a 1-NN proximity
regionalization concept is not applicable.

TheModeling strategy proposed in this paper is compatible with
the goal of the Chinese government to implement a national flood
prediction and early warning system. The catchment descriptors
whose utility for parameter regionalization is assessed in this study
are available for any catchment in China. Since PRMS-OMS provides
flows for every channel node, flash floodwarnings can be issued at a
high spatial resolution. If several potential donor catchments fulfill
the splitting rules of decision trees, an ensemble of parameter sets
can be considered, which allows to express uncertainty in model
predictions. Another advantage of PRMS-OMS is its computational
efficiency. Themodel can switch from a daily mode to a higher tem-
poral resolution during storm events. This allows the model to run
up to several orders of magnitudes faster than most other dis-
tributed or semi-distributed flash-flood models.

The average POD and CSI scores for 2-year return periods calcu-
lated here for pseudo-ungauged catchments in China are 0.21–0.37
higher than the same average scores achieved by the French
national flash flood warning system (Javelle et al., 2016). However,
for the semi-arid northern catchments, the probability of detection
of a 10-year flood is still less than 50%. For an operational use of
PRMS-OMS, therefore, further model improvements are recom-
mended to increase calibration and regionalization performance
in catchments of the dryer northern provinces.
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Heřmanovský, M., Havlíček, V., Hanel, M., Pech, P., 2017. Regionalization of runoff
models derived by genetic programming. J. Hydrol. 547, 544–556. https://doi.
org/10.1016/j.jhydrol.2017.02.018.

Hrachowitz, M., Savenije, H.H.G., Blöschl, G., McDonnell, J.J., Sivapalan, M., Pomeroy,
J.W., Arheimer, B., Blume, T., Clark, M.P., Ehret, U., Fenicia, F., Freer, J.E., Gelfan,
A., Gupta, H.V., Hughes, D.A., Hut, R.W., Montanari, A., Pande, S., Tetzlaff, D.,
Troch, P.A., Uhlenbrook, S., Wagener, T., Winsemius, H.C., Woods, R.A., Zehe, E.,
Cudennec, C., 2013. A decade of Predictions in Ungauged Basins (PUB)—a
review. Hydrol. Sci. J. 58, 1198–1255. https://doi.org/10.1080/
02626667.2013.803183.

Javelle, P., Fouchier, C., Arnaud, P., Lavabre, J., 2010. Flash flood warning at ungauged
locations using radar rainfall and antecedent soil moisture estimations. J.
Hydrol. 394, 267–274. https://doi.org/10.1016/j.jhydrol.2010.03.032.

Javelle, P., Organde, D., Demargne, J., Saint-Martin, C., de Saint-Aubin, C., Garandeau,
L., Janet, B., 2016. Setting up a French national flash flood warning system for
ungauged catchments based on the AIGA method. E3S Web Conf. 7, 1–11. doi:
10.1051/e3sconf/20160718010.

Jiang, Y., Ka, F., Chan, S., Holden, J., Zhao, Y., Guan, D., 2013. China’s water
management – challenges and solutions. Environ. Eng. Manag. J. 12, 1311–1321.

Jin, X., Xu, C.Y., Zhang, Q., Chen, Y.D., 2009. Regionalization study of a conceptual
hydrological model in Dongjiang basin, south China. Quat. Int. 208, 129–137.
https://doi.org/10.1016/j.quaint.2008.08.006.

Kokkonen, T.S., Jakeman, A.J., Young, P.C., Koivusalo, H.J., 2003. Predicting daily
flows in ungauged catchments: Model regionalization from catchment
descriptors at the Coweeta Hydrologic Laboratory, North Carolina. Hydrol.
Process. 17, 2219–2238. https://doi.org/10.1002/hyp.1329.

Leavesley, G.H., Markstrom, S.L., Viger, R.J., Hay, L.E., 2006. USGS modular modeling
system (MMS) – precipitation-runoff modeling system (PRMS) MMS-PRMS. In:
Singh, V., Frevert, D. (Eds.), Watershed Models. CRC Press, Boca Raton, FL, pp.
159–177.

Leavesley, G.H., Stannard, L.G., 1995. The precipitation-runoff modeling system—
PRMS. In: Singh, V.P. (Ed.), Computer Models of Watershed Hydrology. Water
Resources Publications, pp. 281–310.

Legendre, P., Legendre, L., 1998. Numerical Ecology. Elsevier, Amsterdam.
Ley, R., Casper, M.C., Hellebrand, H., Merz, R., 2011. Catchment classification by

runoff behaviour with self-organizing maps (SOM). Hydrol. Earth Syst. Sci. 15,
2947–2962. https://doi.org/10.5194/hess-15-2947-2011.

Ma, J., Tan, X., Zhang, N., 2010. Flood management and flood warning system in
China. Irrig. Drain. 59, 17–22. https://doi.org/10.1002/ird.513.

Norbiato, D., Borga, M., Degli Esposti, S., Gaume, E., Anquetin, S., 2008. Flash flood
warning based on rainfall thresholds and soil moisture conditions: an
assessment for gauged and ungauged basins. J. Hydrol. 362, 274–290. https://
doi.org/10.1016/j.jhydrol.2008.08.023.

Oudin, L., Andréassian, V., Perrin, C., Michel, C., Le Moine, N., 2008. Spatial
proximity, physical similarity, regression and ungaged catchments: a
comparison of regionalization approaches based on 913 French catchments.
Water Resour. Res. 44, 1–15. https://doi.org/10.1029/2007WR006240.

Parajka, J., Merz, R., Blöschl, G., 2005. A comparison of regionalisation methods for
catchment model parameters. Hydrol. Earth Syst. Sci. 9, 157–171. https://doi.
org/10.5194/hess-9-157-2005.

Peduzzi, P., Concato, J., Kemper, E., Holford, T.R., Feinstem, A.R., 1996. A simulation
study of the number of events per variable in logistic regression analysis. J. Clin.
Epidemiol. 49, 1373–1379. https://doi.org/10.1016/S0895-4356(96)00236-3.

Peng, C., Song, X., Jiang, H., Zhu, Q., Chen, H., Chen, J.M., Gong, P., Jie, C., Xiang, W.,
Yu, G., Zhou, X., 2016. Towards a paradigm for open and free sharing of scientific
data on global change science in China. Ecosyst. Heal. Sustain. 2, e01225.
https://doi.org/10.1002/ehs2.1225.

Pilgrim, D.H., Chapman, T.G., Doran, D.G., 1988. Problems of rainfall-runoff
modelling in arid and semiarid regions. Hydrol. Sci. J. 33, 379–400. https://
doi.org/10.1080/02626668809491261.

Sawicz, K., Wagener, T., Sivapalan, M., Troch, P.A., Carrillo, G., 2011. Catchment
classification: Empirical analysis of hydrologic similarity based on catchment
function in the eastern USA. Hydrol. Earth Syst. Sci. 15, 2895–2911. https://doi.
org/10.5194/hess-15-2895-2011.

Schaefer, J.T., 1990. The Critical Success Index as an Indicator of Warning Skill.
Weather Forecast. https://doi.org/10.1175/1520-0434(1990) 005<0570:
TCSIAA>2.0.CO;2.

Singh, R., Archfield, S.A., Wagener, T., 2014. Identifying dominant controls on
hydrologic parameter transfer from gauged to ungauged catchments – A
comparative hydrology approach. J. Hydrol. 517, 985–996. https://doi.org/
10.1016/j.jhydrol.2014.06.030.

Therneau, T., Atkinson, B., 2015. An Introduction to Recursive Partitioning Using the
RPART Routines, http://CRAN.R-project.org/package=rpart.

Toth, E., 2013. Catchment classification based on characterisation of streamflow and
precipitation time series. Hydrol. Earth Syst. Sci. 17, 1149–1159. https://doi.org/
10.5194/hess-17-1149-2013.

Trabucco, A., Zomer, R.J., 2009. Global Potential Evapo-Transpiration (Global-PET)
and Global Aridity Index (Global-Aridity) Geo-Database. CGIAR Consortium for
Spatial Information. Available online from the CGIAR-CSI GeoPortal at: http://
www.csi.cgiar.org.

Viviroli, D., Mittelbach, H., Gurtz, J., Weingartner, R., 2009. Continuous simulation
for flood estimation in ungauged mesoscale catchments of Switzerland – Part II:
Parameter regionalisation and flood estimation results. J. Hydrol. 377, 208–225.
https://doi.org/10.1016/j.jhydrol.2009.08.022.

Wagener, T., Sivapalan, M., Troch, P., Woods, R., 2007. Catchment classification and
hydrologic similarity. Geogr. Compass 1, 901–931. https://doi.org/10.1111/
j.1749-8198.2007.00039.x.

Wan, Z., 2015. China’s scientific progress hinges on access to data. Nature 520, 587.
https://doi.org/10.1038/520587a.

Wang, Y., Liu, R., Guo, L., Tian, J., Zhang, X., Ding, L., Wang, C., Shang, Y., 2017.
Forecasting and providing warnings of flash floods for ungauged mountainous
areas based on a distributed hydrological model. Water 9, 776. https://doi.org/
10.3390/w9100776.

Werner, M., Cranston, M., 2009. Understanding the value of radar rainfall nowcasts
in flood forecasting and warning in flashy catchments. Meteorol. Appl. 16, 41–
55. https://doi.org/10.1002/met.125.

Xie, Z., Yuan, F., Duan, Q., Zheng, J., Liang, M., Chen, F., 2007. Regional parameter
estimation of the VIC land surface model: methodology and application to river

https://doi.org/10.1016/j.jhydrol.2016.03.032
https://doi.org/10.1016/j.jhydrol.2016.03.032
https://doi.org/10.5194/hess-21-5293-2017
https://doi.org/10.1175/JHM-D-14-0155.1
https://doi.org/10.1002/2015WR018247
https://doi.org/10.1002/2015WR018247
https://doi.org/10.1002/2013WR013918
https://doi.org/10.1002/2014WR015692
https://doi.org/10.1002/2014WR015692
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0035
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0035
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0035
https://doi.org/10.1002/hyp.3360090305
https://doi.org/10.5194/hess-15-1921-2011
https://doi.org/10.5194/hess-15-1921-2011
https://doi.org/10.1016/S1532-0464(03)00034-0
https://doi.org/10.1029/91WR02985
https://doi.org/10.1016/0022-1694(94)90057-4
https://doi.org/10.1007/BF00939380
https://doi.org/10.1016/j.jhydrol.2015.03.052
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0095
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0095
https://doi.org/10.1002/hyp.8040
https://doi.org/10.1002/hyp.8040
https://doi.org/10.5194/hess-15-3539-2011
https://doi.org/10.5194/hess-15-3539-2011
https://doi.org/10.1016/j.jhydrol.2017.02.018
https://doi.org/10.1016/j.jhydrol.2017.02.018
https://doi.org/10.1080/02626667.2013.803183
https://doi.org/10.1080/02626667.2013.803183
https://doi.org/10.1016/j.jhydrol.2010.03.032
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0130
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0130
https://doi.org/10.1016/j.quaint.2008.08.006
https://doi.org/10.1002/hyp.1329
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0145
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0145
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0145
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0145
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0150
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0150
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0150
http://refhub.elsevier.com/S0022-1694(17)30706-0/h0155
https://doi.org/10.5194/hess-15-2947-2011
https://doi.org/10.1002/ird.513
https://doi.org/10.1016/j.jhydrol.2008.08.023
https://doi.org/10.1016/j.jhydrol.2008.08.023
https://doi.org/10.1029/2007WR006240
https://doi.org/10.5194/hess-9-157-2005
https://doi.org/10.5194/hess-9-157-2005
https://doi.org/10.1016/S0895-4356(96)00236-3
https://doi.org/10.1002/ehs2.1225
https://doi.org/10.1080/02626668809491261
https://doi.org/10.1080/02626668809491261
https://doi.org/10.5194/hess-15-2895-2011
https://doi.org/10.5194/hess-15-2895-2011
https://doi.org/10.1175/1520-0434(1990)005&lt;0570:TCSIAA&gt;2.0.CO;2
https://doi.org/10.1175/1520-0434(1990)005&lt;0570:TCSIAA&gt;2.0.CO;2
https://doi.org/10.1016/j.jhydrol.2014.06.030
https://doi.org/10.1016/j.jhydrol.2014.06.030
http://CRAN.R-project.org/package=rpart
https://doi.org/10.5194/hess-17-1149-2013
https://doi.org/10.5194/hess-17-1149-2013
http://www.csi.cgiar.org
http://www.csi.cgiar.org
https://doi.org/10.1016/j.jhydrol.2009.08.022
https://doi.org/10.1111/j.1749-8198.2007.00039.x
https://doi.org/10.1111/j.1749-8198.2007.00039.x
https://doi.org/10.1038/520587a
https://doi.org/10.3390/w9100776
https://doi.org/10.3390/w9100776
https://doi.org/10.1002/met.125


346 S. Ragettli et al. / Journal of Hydrology 555 (2017) 330–346
basins in China. J. Hydrometeorol. 8, 447–468. https://doi.org/10.1175/
JHM568.1.

Yates, D.N., Warner, T.T., Leavesley, G.H., 2000. Prediction of a flash flood in complex
terrain. Part II: A comparison of flood discharge simulations using rainfall input
from radar, a dynamic model, and an automated algorithmic system. J. Appl.
Meteorol. 39, 815–825. https://doi.org/10.1175/1520-0450(2000) 039<0815:
POAFFI>2.0.CO;2.
Zhang, Y., Chiew, F.H.S., 2009. Relative merits of different methods for runoff
predictions in ungauged catchments. Water Resour. Res. 45. https://doi.org/
10.1029/2008WR007504.

Zhao, Z., Li, S., Liu, J., Peng, J., Wang, Y., 2015. The distance decay of similarity in
climate variation and vegetation dynamics. Environ. Earth Sci. 73, 4659–4670.
https://doi.org/10.1007/s12665-014-3751-2.

https://doi.org/10.1175/JHM568.1
https://doi.org/10.1175/JHM568.1
https://doi.org/10.1175/1520-0450(2000)039&lt;0815:POAFFI&gt;2.0.CO;2
https://doi.org/10.1175/1520-0450(2000)039&lt;0815:POAFFI&gt;2.0.CO;2
https://doi.org/10.1029/2008WR007504
https://doi.org/10.1029/2008WR007504
https://doi.org/10.1007/s12665-014-3751-2

	Modeling flash floods in ungauged mountain catchments of China: A decision tree learning approach for parameter regionalization
	1 Introduction
	2 Study area, data and catchment properties
	2.1 Study area and data
	2.2 Catchment properties

	3 Methods
	3.1 Study design
	3.2 Rainfall-runoff model and model calibration
	3.2.1 PRMS-OMS
	3.2.2 PRMS-OMS preprocessing
	3.2.3 Automatic calibration

	3.3 Principal components analysis to identify similarity metrics
	3.4 Classification and regression trees
	3.4.1 Parameter regionalization based on CART
	3.4.2 Variable importance

	3.5 Model evaluation

	4 Results
	4.1 Catchment preprocessing
	4.2 Rainfall runoff model performance
	4.3 Training data
	4.4 Regionalization performance
	4.5 Variable importance

	5 Discussion
	5.1 Parameter regionalization with CART
	5.2 Performance evaluation

	6 Conclusions
	Acknowledgements
	Appendix A Supplementary data
	References


