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A B S T R A C T

Stochastic rainfall models have been widely used for hydrological modelling and climate change impact studies,
the accuracy of which can substantially affect the reliability of water resources planning, hydraulic structure
design and flood and drought risk assessment. The primary objective of this study is to develop a stochastic daily
rainfall model through coupling a Markov chain model with a rainfall event model (SDRM-MCREM) to si-
multaneously preserve the statistical properties of rainfall time series and rainfall events. The newly developed
model is applied to the Qu River basin, East China and its performance is evaluated at catchment scale. Results
demonstrate that SDRM-MCREM shows a good performance in reproducing most of the rainfall time-series
statistics (i.e. rainfall percentiles, average monthly and annual rainfall, inter-monthly rainfall variability and
extreme rainfall) and rainfall event characteristics (i.e. distributions of wet and dry spells, occurrence frequency
of different rainfall event classes, temporal rainfall patterns and their occurrence frequency in different rainfall
event classes). The statistics of average runoff and extreme runoff are also well preserved by using the SDRM-
MCREM simulations as input of hydrological modelling except that the interannual variability of rainfall and
runoff is slightly underestimated. Moreover, SDRM-MCREM shows a great potential to be used for flood and
drought risk assessment in reproducing the exceedance probabilities of high flows (e.g. annual maximum 1-day,
3-day and 5-day mean runoff) and low flows (e.g. annual minimum 7-day, 30-day and 90-day mean runoff).

1. Introduction

Rainfall is a key component of the water cycle and has significant
impacts on water resources planning, agricultural production and
human society (Breinl et al., 2017; Ye et al., 2018). It is always used as
input to hydrological models for flood and drought risk assessment,
infrastructure design and water resources management, particularly
when the observed streamflow series are not long enough (Kim et al.,
2016). However, in some cases, observed rainfall records are too short
or lacking and naturally provide only one single realization. Then the
direct use of these data in agricultural and hydrological analysis may
not provide the necessary reliability in flood and drought risk assess-
ment (Chowdhury et al., 2017; Tian et al., 2017). For this reason, sto-
chastic rainfall models (SRMs) have frequently been used as tools to
produce long series of rainfall data with no limited length that have
statistical properties comparable to observed time series (Chen and
Brissette, 2014). SRMs are also used to produce multiple climate rea-
lizations for vulnerability assessment and even to generate rainfall
series for ungauged stations through interpolating model parameters

from adjacent gauged sites (Chen et al., 2019). In addition, SRMs have
been widely used as tools to downscale projections of global and re-
gional climate models for climate change impact studies (Zhuang et al.,
2015). Therefore, the accuracy of SRMs in reproducing rainfall statistics
is significantly important.

Over the past few decades, a number of SRMs have been proposed.
Many of these models were developed based on Markov chain models,
such as WGEN (Richardson, 1981), CLIGEN (Nicks and Gander, 1994),
ClimGen (Stöckle et al., 1999) and WeaGETS (Chen et al., 2010), which
are all based on a two-step simulation scheme. In the first step, the time
series of rainfall occurrence (i.e. a wet day or a dry day) is generated by
a Markov chain, which has become the most popular approach due to
its simplicity and effectiveness in preserving wet and dry spells (Costa
and Fernandes, 2017). In the second step, the rainfall amount on a wet
day is usually estimated through a parametric probability distribution,
which is employed because it can be used for extrapolation of non-
observed extreme values compared to non-parametric or semi-para-
metric approaches (Gao et al., 2018). In recent years, efforts were still
mainly devoted to improving the performance of these models. For
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example, the impacts of the order of Markov chains (Deni et al., 2008)
and types of probability distributions of rainfall amount (Li et al., 2013)
on representations of rainfall behavior have been explored by many
studies (Evin et al., 2018; Chen et al., 2012b; Srikanthan and Pegram,
2009). Higher-order Markov chains (such as third-order and fourth-
order) are gradually adopted to improve the dependence structure of
wet and dry spells, especially for long dry spells (Srikanthan and
Pegram, 2009). Mixed or hybrid probability distributions, like the
mixed exponential distribution, double gamma distribution or the ex-
tended GP-Type III distribution, are suggested for use to reproduce the
whole range of rainfall amounts including the most extreme rainfall
(Naveau et al., 2016). Although the performance of Markov chain
models has been essentially improved through above mentioned
methods, some limitations still exist. The distribution and dependence
structure of daily rainfall amounts in a wet spell (also known as tem-
poral rainfall patterns) and the relationship between total rainfall
amount and the wet spell are not taken into account. These are char-
acteristics of rainfall events and are generally neglected in Markov-
chain based stochastic rainfall models.

Rainfall event characteristics, including rainfall duration (wet
spell), rainfall depth (total rainfall amount in one rainfall event), tem-
poral rainfall pattern and their correlation structure have essential in-
fluences on runoff processes and flood modelling (Hettiarachchi et al.,
2018; Mohamadi and Kavian, 2015; Wang et al., 2016). Wu et al.
(2018) pointed out that multi-day rainfall events, particularly extreme
rainfall events, can trigger more extreme flooding due to cumulative
runoff generation compared to daily extreme rainfall. In this process,
rainfall depth and duration to some extent directly determine the
generation of the flood volume and flood duration, and their depen-
dence structure has a significant effect on storm surface runoff (Zhang
and Singh, 2007; Córdova and Rodríguez Iturbe, 1985). In addition, the
temporal rainfall patterns greatly affect the severity of flood events.
Guan et al. (2015) and Wang et al. (2016) both reported that storms
with rainfall peaks occurring at the late stage of storms yield higher
runoff peaks and induce more serious floods than those with earlier
rainfall peaks. Hettiarachchi et al. (2018) also demonstrated that the
impacts of rainfall volumes and storm temporal patterns on flood risk
evaluation are both significant and should be given full consideration.
Therefore, these rainfall event characteristics should also be in-
corporated in stochastic rainfall models.

Rainfall event models (also known as event-based rainfall models)
are developed to reproduce rainfall event characteristics
(Vandenberghe et al., 2010; Gao et al., 2018; Wu et al., 2006). Wu et al.
(2006) presented a Monte-Carlo based stochastic rainstorm event model
considering correlated rainstorm duration and depth as well as various
temporal rainfall patterns, but the procedure of the Monte-Carlo
method in simulating correlated variables was complicated.
Vandenberghe et al. (2010) constructed a stochastic design storm
generator by using a simple copula function for joint simulation of
rainfall depth and duration and a uniform random sampling method for
generating the specific percentile curves (i.e. 10%, 50% and 90%) of
rainfall patterns. The limitation of this model is that only the specific
percentiles of rainfall patterns are simulated and the randomness of
rainfall patterns in reality cannot be fully reflected. Gao et al. (2018)
synthesized the strengths of these two models to construct a new sto-
chastic rainfall event model by utilizing the copulas like Vandenberghe
et al. (2010) to jointly simulate rainfall depth and duration and the
approach of Wu et al. (2006) to stochastically simulate various tem-
poral rainfall patterns, and then extended the simulation scope of ex-
treme rainfall events to all kinds of events ranging from low, moderate
to extreme events. However, the common problem of rainfall event
models is that the output is a sequence of rainfall events and can only be
used as input to event-based hydrological models. This greatly limits
the application of rainfall event simulation data to the commonly-used

continuous hydrological models that require rainfall time series.
Motivated by the above limitations, this study aims to develop a

stochastic rainfall model by coupling a Markov chain model with the
stochastic rainfall event model developed by Gao et al. (2018), named
as SDRM-MCREM, in order to generate rainfall time series while si-
multaneously preserving characteristics of rainfall events. More speci-
fically, a Markov chain model is firstly used to generate time series of
rainfall occurrence including wet and dry spells, and then the rainfall
event model is applied to stochastically simulate the sequence of rain-
fall events that correspond to the wet spells extracted from the above
generated rainfall occurrence series. Compared to the currently existing
stochastic rainfall models that just consider part of the above described
rainfall simulation procedures, this proposed SDRM-MCREM is ex-
pected to be a comprehensive novel stochastic rainfall model that not
only considers the statistical properties of rainfall time-series, but also
takes into account the rainfall event characteristics, including the cor-
relation between rainfall depth and rainfall duration, the occurrence
frequency of different rainfall event classes, various temporal rainfall
patterns and their occurrence frequency in different rainfall event
classes. The SDRM-MCREM is designed to preserve these important
statistical properties of rainfall as much as possible. The ability of
SDRM-MCREM to simulate rainfall time-series statistics and rainfall
event characteristics will be simultaneously evaluated for the first time.
Then, its suitability for hydrological modelling will be examined.

This paper is organized as follows. The study area and data are
briefly introduced in Section 2. The detailed framework of SDRM-
MCREM, its application in hydrological modelling and performance
evaluation approaches are described in Section 3. Section 4 and 5 re-
spectively present the evaluation results of SDRM-MCREM in reprodu-
cing rainfall statistics and its reliability of being used as input of hy-
drological modelling, followed by a discussion in Section 6 and
conclusions in Section 7.

2. Study area and data

In this study, the development of SDRM-MCREM and its application
to hydrological modelling are conducted for the Qu River basin, which
is shown in Fig. 1. The Qu River basin (28°–29°30′N, 118°–119°E) is
situated in the west of Zhejiang Province, East China, and is the
southern source of Qiantang River, the longest and largest river in
Zhejiang Province. The Qu River basin drains an area of about
5536 km2, and has an average elevation of 351 m with high areas in the
south and north, low in the middle, high in the west and low in the east.
Due to the large influence of the Asian subtropical monsoon cli-
mate, > 50% of the rainfall occurs between April and July (Gao et al.,
2018). The annual average rainfall is > 1800 mm, the potential eva-
potranspiration is approximately 1200 mm, and the average tempera-
ture is around 15–18 ℃ (Tian et al., 2013). Under global warming, the
occurrence probability of extreme climate conditions, such as storms
and droughts, is likely to increase in the Qu River basin (Gao et al.,
2020a, 2020b).

The observed daily rainfall data from 14 rainfall stations, daily
minimum and maximum temperatures from three meteorological sta-
tions and daily runoff data from the Quzhou hydrological station from
the historical period 1970–2000 are used in this study. The temperature
data is provided by the National Climate Center of China
Meteorological Administration, and rainfall and runoff data are pro-
vided by Zhejiang Bureau of Hydrology. The whole analysis is carried
out at the catchment scale and the areal average rainfall and potential
evapotranspiration (PET) are calculated by the Thiessen polygon
method (Thiessen, 1911). PET at each station is estimated using the
Hargreaves method (Hargreaves and Zohrab, 1985) based on the
minimum and maximum temperatures.
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3. Methodology

This section describes the procedure of developing the new sto-
chastic rainfall model SDRM-MCREM. The flowchart of this model is
shown in Fig. 2 and is composed of three main modules. The first
module generates the time series of rainfall occurrence. The second
module extracts rainfall events based on the definition of rainfall events
and determines rainfall duration for each rainfall event. The third

module simulates characteristics of rainfall events, including rainfall
depth and temporal rainfall pattern for each rainfall event conditional
on its rainfall duration, according to the statistics derived from ob-
served rainfall events. In addition, the conceptual hydrological model
GR4J (modèle du Génie Rural à 4 paramètres Journalier; Perrin et al.,
2003) that is used to evaluate the ability of SDRM-MCREM to generate
hydrological modelling input and the hydrometeorological evaluation
approaches are also presented in this section.

Fig. 1. Study area and locations of rainfall, temperature and hydrological stations.

Fig. 2. A detailed flowchart of SDRM-MCREM.
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3.1. Stochastic rainfall model coupling Markov chain model with rainfall
event model (SDRM-MCREM)

3.1.1. Third-order Markov chain model for rainfall occurrence
A Markov chain model is a widespread approach for stochastic

generation of rainfall occurrence that is able to reproduce the temporal
persistence of wet and dry spells (Wilks, 1998; Keller et al., 2015).
Therefore, the Markov chain model is also applied in this study to
generate the time series of rainfall occurrence, expressed as Xt. The
probability of having a wet day on day t is given in Eq. (1):

that is, the transition probability of a wet day on day t depends on the
states of the previous k days. The probability of a dry day corresponds
to =P P1i i i i i i,0 ,1k k2 1 2 1 . A wet day is defined as a day having rainfall
≥0.1 mm (Breinl, 2016; Mukundan et al., 2019; Li et al., 2013). When
it is a wet day, the state is expressed with the value 1, otherwise 0. The
Markov chain can be characterized by a transition matrix with a di-
mension of 2k+1.

The parameters of the transition probability matrix are estimated on
a monthly basis (12 estimations throughout the calendar year) based on
the observed rainfall time series. To determine the right order of the
Markov chain model for daily rainfall occurrence, two commonly used
criteria, i.e. the Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) were used to choose among the first-order,
second-order and third-order Markov chains on a monthly and annual
basis. Detailed information about the AIC and BIC criteria can be found
in Cazacioc and Cipu (2005) and Schoof and Pryor (2008). The corre-
sponding results can be found in Table S1. In addition, since the dry
spells and wet spells are the basis of rainfall event simulation in the
developed SDRM-MCREM, we also compared the occurrence frequency
of wet and dry spells with different lengths between observations and
simulations for these different orders of the Markov chain model in the
Qu River basin, and the results can be found in Fig. S1. From Table S1
and Fig. S1, it can be seen that the third-order Markov chain is the best
to maintain the transition probability of rainfall occurrence both on the
monthly and annual scales, and can also well reproduce observed wet
and dry spells. Thus, the third-order Markov chain was eventually
chosen in this study. Based on Eq. (1), N-year time series of rainfall
occurrence can be generated.

3.1.2. Extraction of rainfall events and determination of rainfall duration
In this study, independent rainfall events are defined as continuous

wet days separated by one or more consecutive dry days (Gao et al.,
2018, 2020a). Given the generated time series of rainfall occurrence,
simulated rainfall events can be extracted according to the definition of
rainfall events and the rainfall duration (i.e. wet spell) of each simu-
lated rainfall event can be determined.

Similarly, observed rainfall events were also derived from the ob-
served rainfall time series in the 1971–2000 period using the definition

of rainfall events. Subsequently, the observed rainfall event character-
istics, i.e. rainfall duration (the lasting period of one rainfall event),
rainfall depth (the total amount of rainfall in one rainfall event), inter-
event time IET (also called dry spell, the period between two adjacent
rainfall events) and temporal rainfall pattern (the temporal distribution
of rainfall within one rainfall event) can be obtained. Observed rainfall
event characteristics are the major foundation of building the SDRM-
MCREM. To incorporate the simulation of different rainfall event
classes and different types of temporal rainfall patterns in the con-
struction of SDRM-MCREM, rainfall events are classified into different

event classes based on rainfall depth, rainfall duration and IET, re-
spectively. The detailed classification method designed by Gao et al.
(2020a) for the Qu River basin is shown in Table 1. The temporal
rainfall patterns are grouped into three common rainfall types based on
the position of rainfall peaks, which are the advanced type (Type A),
central-peaked type (Type C) and delayed type (Type D) that represent
rainfall peaks occurring at the beginning, middle and end stages of
rainfall events, respectively. Subsequently, the occurrence frequency of
different rainfall types in different rainfall event classes can be calcu-
lated. The detailed algorithm can be found in Gao et al. (2020a).

On the basis of the above described observed rainfall event char-
acteristics, the rainfall depth and temporal rainfall pattern corre-
sponding to the rainfall duration for each simulated rainfall event can
be conditionally generated in the subsequent sections.

3.1.3. Stochastic simulation of rainfall depth conditional on rainfall
duration

Rainfall characteristics (e.g. rainfall depth and rainfall duration) are
often dependent and can have a significant effect on hydrological de-
sign and flood management (Zhang and Singh, 2007; Candela et al.,
2014). Consequently, these variables need to be jointly simulated
through bivariate or even multivariate models. Copula functions are a
popular and flexible tool to construct the joint distribution function of
multiple random variables due to its advantage that no assumption is
needed for the variables to be independent or having the same type of
marginal distribution. In this study, the Copula method is thus adopted
to construct the joint probability distribution of rainfall duration and
rainfall depth, which mainly comprises two steps: (1) determination of
marginal distributions of rainfall duration and rainfall depth; (2) de-
termination of the dependence structure between rainfall duration and
rainfall depth. To incorporate the seasonal variability of rainfall event
characteristics, the application of the Copula method is carried out on a
monthly basis, keeping consistent with the procedure of rainfall oc-
currence in Section 3.1.1.

Nine probability distributions are examined to select the best-fitted
distributions for rainfall depth and rainfall duration as their marginal
distributions, including the gamma distribution, exponential distribu-
tion, lognormal distribution, normal distribution, double-gamma dis-
tribution, generalized extreme value distribution, Pearson type III dis-
tribution, three-parameter lognormal distribution and generalized
pareto distribution. All parameters of these distributions are estimated
using the maximum-likelihood estimation method. Akaike’s informa-
tion criterion (AIC) (Bozdogan, 1987) is adopted to choose the best-
fitted distributions for rainfall duration and rainfall depth, shown in Eq.
(2).

= +AIC N MSE klog( ) 2 (2)

where N is the sample size, MSE represents the mean squared error
between the empirical and theoretical probability and k is the number
of fitted parameters. The smaller the AIC value is, the better the dis-
tribution fits.

Table 1
Classification of different rainfall event classes for rainfall depth, rainfall
duration and IET.

Rainfall depth (mm) Rainfall duration (days) Inter-event time (days)

Light < 4.6 Short ≤1 Short ≤1

Moderate [4.6, 25.2) Medium (1,3] Medium (1,3]
Heavy [25.2, 95.1) Long (3,8] Long (3,6]
Extreme [95.1, +∞) Extreme > 8 Extreme > 6

*From Gao et al. (2020a).

= = = = = =P X X i X i X i i i i orP{ 1 | , , , } , , , 0 1i i i t t t t k k k,1 1 1 2 2 1 2k 2 1 (1)
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Three Archimedean copulas, i.e. Gumbel-Hougard, Clayton and
Frank, are used to build the dependence structure between rainfall
duration and rainfall depth as they are commonly used and proven to
be efficient in hydrological applications in many studies (Candela et al.,
2014; Zhang and Singh, 2007; Rauf and Zeephongsekul, 2013). The
two-dimensional copula functions and the relationship between copula
parameters and Kendall’s rank correlation coefficient are given in
Table 2. The best-fitted copula function is selected using AIC. With the
best-fitted marginal distributions of observed rainfall duration and
depth and their best-fitted dependence structure, the joint distribution
of rainfall duration and depth is constructed.

Given rainfall durations of simulated rainfall events described in
Section 3.1.2, the corresponding rainfall depths can be stochastically
generated by the following steps:

(i) Determine the month that one rainfall event occurs based on the
date of the first day of this rainfall event and use the corresponding
monthly marginal distribution of rainfall duration to determine the
cumulative probability of rainfall duration.
(ii) Stochastically generate a joint cumulative probability of rainfall
duration and rainfall depth and determine the cumulative prob-
ability of rainfall depth according to the inverse function of the
conditional copula function given the cumulative probability of
rainfall duration.
(iii) Determine rainfall depth according to the cumulative prob-
ability of rainfall depth using the corresponding monthly inverse
marginal distribution of rainfall depth.
Repeat Step 1–3 until rainfall depths of all rainfall events are gen-
erated.

It should be noted that rainfall depths of observed rainfall events are
not smaller than 0.1 mm and thus generated rainfall depths should also
meet this condition. For this purpose, the marginal distribution of
rainfall depth is fitted using the original values reduced by 0.1 mm and
then 0.1 mm is added back after simulated rainfall depths are gener-
ated. In this study, the exponential distribution and double gamma
distribution were eventually selected as the marginal distributions of
rainfall duration and rainfall depth (see Table S2) for each month re-
spectively. For the monthly dependence structure of rainfall duration
and rainfall depth, Table S3 shows that the Frank copula is the best in
most months and the Gumbel copula is the second, but there is no much
difference between the AIC values for the Frank and Gumbel copulas.
Considering that the Gumbel copula is asymmetric and sensitive to the
upper tail and the Frank copula is symmetrical in the whole distribution
(Lee et al., 2013), Gumbel is more suitable according to the observed
dependence structure in January-August and Frank is more similar to
the observed dependence structure in September-December (see Fig.
S2). Therefore, the Gumbel copula was finally selected for January-
August and the Frank copula for September-December. Note that the
double gamma distribution adopted in this study is shown in Eq. (3),

which is different from the double gamma distribution described in
Räty et al. (2014) and Gao et al. (2020a). Those studies artificially di-
vide rainfall into low and high rainfall segments based on a specific
percentile (e.g. 90% or 95% quantile) and fit separate distributions to
each segment. The double gamma distribution we adopted also re-
presents two rainfall states, but an objective automatic partitioning
approach is used and it is a complete distribution rather than two se-
parate distributions, which is more suitable to be utilized in Copula
functions (Teng et al., 2015).

= +f p
p e p e

( )
( )

(1 )
( )

p p
1

1

1

2
1

2

1 1 1 2 2 2

(3)

where p is rainfall duration or depth; the parameter ( < <0 1) is
the weight of the low or high rainfall states; the single gamma dis-
tribution represents rainfall occurring in high or low rainfall states, and

and are the parameters of the gamma distribution.

3.1.4. Stochastic simulation of a rainfall type and its temporal pattern given
rainfall duration and rainfall depth

After determination of rainfall durations (Section 3.1.2) and rainfall
depths (Section 3.1.3) for simulated rainfall events, the event class that
each pair of rainfall duration and rainfall depth belongs to can be fur-
ther determined according to the classification shown in Table 1. The
subsequent step is to stochastically generate a rainfall type for each
rainfall event and then generate a corresponding temporal rainfall
pattern for this rainfall type to form one complete rainfall event. A
specific rainfall type, i.e. Type A, Type C or Type D, is randomly gen-
erated based on the occurrence probability of each rainfall type under
different rainfall event classes (Section 3.1.2), which is expressed as Eq.
(4):

= = =
=

P
n

n
k i j1, 2, 3; , 1, 2, 3, 4k ij

k ij

k k ij
,

,

1
3

,

(4)

where nk ij, and Pk ij, are respectively the occurrence number and
occurrence probability of the k-th rainfall type for the i-th depth-based
rainfall event class and j-th duration-based rainfall event class. Rainfall
types A, C and D are numbered as 1, 2 and 3 respectively, and the orders
of the depth-based and duration-based rainfall event classes are num-
bered as 1–4 from light class to extreme class. The contingency table of
the occurrence probability of different rainfall types under different
rainfall event classes can be seen in Table S4.

When the rainfall type of one rainfall event is specified, the corre-
sponding temporal rainfall pattern can be stochastically simulated ac-
cording to the statistics of this rainfall type. The detailed generation
procedure of temporal rainfall patterns for a specific rainfall type can be
found in Gao et al. (2018) and only a brief description is given as fol-
lows: (1) firstly, gather all the temporal rainfall patterns of a specific
rainfall type and normalize the rainfall durations and rainfall depths to
obtain dimensionless rainfall patterns; (2) secondly, divide all di-
mensionless rainfall durations into K equal intervals, so that K sets of
dimensionless rainfall increases corresponding to the K intervals can be
obtained; (3) lastly, fit each set of dimensionless rainfall increase to
different distributions and use the fitted appropriate distribution to
stochastically simulate the rainfall increase. Simultaneously, the cor-
relation structure of the K sets of rainfall increases should be retained,
and the constrained condition that the sum of the K dimensionless
rainfall increases for each rainfall pattern equals to one should be
guaranteed.

3.1.5. Coupling time series of rainfall occurrence with rainfall events
simulation

With the generated results as obtained in Section 3.1.2–3.1.4, the
depth and duration of each rainfall event can be allocated according to
its temporal pattern to form a complete simulated rainfall event.

Table 2
Copula functions and relationship between parameter and Kendall’s rank
correlation coefficient .

Copula C u v( , | ) = f ( )

Archimedean family
Gumbel +u vexp{ [( ln ) ( ln ) ] }1 [1, ) 1 1

Clayton +u v( 1) 1 [0, )
+ 2

Frank
+ln 1 e u e v

e
1 ( 1)( 1)

1

R {0} ( )dt1 1 t
et

4 1
0 1

Note that: u and v are the cumulative probability of rainfall depth and rainfall
duration, respectively; =C u v( | , ) C u v

v
( , | ) is the conditional copula function

given v and =u C p v( | , )1 is the inverse function of the conditional copula
function under v, p is a joint cumulative probability of u and v.
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Subsequently, the simulated complete rainfall events in chronological
order are inserted to the time series of rainfall occurrence from Section
3.1.1 to form the complete simulated rainfall time series.

At this stage, the SDRM-MCREM has been built. In this study, 1000
realizations of simulated rainfall with the same length as the observed
rainfall, i.e. 30 years, are generated so that the performance of SDRM-
MCREM can be compared with observations.

3.2. Hydrological model GR4J

GR4J is a four-parameter lumped rainfall-runoff model developed
by Perrin et al. (2003) based on the GR3J model. It is one of the sim-
plest and most widely used hydrological models in the world, and
performs reasonably well in daily streamflow simulation in general
(Van Esse et al., 2013) and monsoon climate watersheds in particular
(Tian et al., 2018; Gao et al., 2020b; Zhang et al., 2015). The structure
of GR4J is composed of a production store, a routing store and two unit
hydrographs (Zhang et al., 2015). The drainage area, areal average
rainfall and areal average PET of the study area are required as the
input data.

Monte Carlo simulation (MCS) with Latin Hypercube sampling is
carried out to generate 30,000 parameter sets to calibrate the GR4J
model (Tian et al., 2013). In this study, the areal average rainfall and
PET in the year 1970 are used for warming up and the 30-year data of
the period 1971–2000 are used for calibration and validation. The split-
sample cross validation procedure similar to Gao et al. (2020a) is ap-
plied, i.e. the first 20 years 1971–1990 used for calibration and the last
10 years for validation, and vice versa the last 20 years 1981–2000 for
calibration and the first 10 years for validation, to select the optimum
parameter set using the objective function Y, as shown in Eq. (5). The Y
index is a comprehensive evaluation index that combines the Nash-
Sutcliffe (NS) coefficient (Eq. (6)) and the relative volume error (RVE)
(Eq. (7)) for model calibration and evaluation (Akhtar et al., 2009).
When the average Y value of a parameter set in the two calibration
periods obtains its maximum value, we consider the parameter set as
the optimum one.

=
+

Y NS
RVE1 | | (5)

= =

=

NS
Q i Q i

Q i Q
1

[ ( ) ( )]
[ ( ) ¯ ]

i
N

m o

i
N

o o

1
2

1
2 (6)

= =

=

RVE
Q i Q i

Q i
100·

[ ( ) ( )]
( )

i
N

m o

i
N

o

1

1 (7)

where i is the daily time step, N is the length of the time series,
Qoand Qmare the observed and modelled runoff.

With the selected optimum parameter set and the inputs of the GR4J
model, i.e., the 1000 realizations of rainfall time series of 30 years si-
mulated by SDRM-MCREM and PET of 30 years calculated using ob-
served temperature data, 1000 sets of runoff time series of 30 years can
be correspondingly obtained.

3.3. Assessment approaches of SDRM-MCREM performance

The meteorological performance of the proposed SDRM-MCREM is
assessed for two aspects: statistical properties of rainfall time-series and
rainfall event characteristics. To evaluate the ability of SDRM-MCREM
in simulating rainfall time series, several general statistics such as the
percentiles (10th, 25th, 50th, 75th, 90th, 95th and 99th) of the rainfall
distribution, mean rainfall, standard deviation and the probability of
wet days are compared with the observed counterparts for each month
(Li et al., 2015). Moreover, some annual extreme indices, including
R1d, R3d, R5d, R7d, R90pTOT, R95pTOT, R99pTOT, CDD and CWD
(please see their definitions in Table 3), and their inter-annual

variabilities are also considered to investigate whether this model can
adequately reproduce extreme events. These indices are recommended
by the Expert Team on Climate Change Detection, Monitoring and In-
dices (ETCCDMI) of the Climate Variability and Predictability (CLIVAR)
project (Alexander et al., 2006). Rainfall event characteristics, like (i)
the occurrence frequency of different depth-based, duration-based and
IET-based rainfall event classes, (ii) the temporal patterns of different
rainfall types, (iii) the occurrence frequency of different rainfall types in
different rainfall event classes and (iv) the cumulative distributions of
dry and wet spells, are for the first time evaluated for stochastic rainfall
models. It is assumed that a stochastic rainfall model, which preserves
the time-series statistics as well as the rainfall event characteristics, can
provide better inputs to hydrological models to reproduce flow prop-
erties that can be effectively used for flood and drought assessment
(Froidevaux et al., 2015).

The suitability of SDRM-MCREM in hydrological application is as-
sessed based on the general flow statistics and low and high flow in-
dices. General statistics consisting of different percentiles of the flow
distribution, mean and standard deviation for each month are used to
evaluate the simulated flows. The exceedance probabilities of high flow
indices (i.e. annual maximum 1-, 3- and 5-day mean flow) and low flow
indices (i.e. annual minimum 7-, 30- and 90-day mean flow) (Olden and
Poff, 2003) are further compared to determine the capacity of SDRM-
MCREM in simulating high and low flow hydrology (Pan et al., 2017).

To offer a consistent way to illustrate the strengths and weaknesses
of SDRM-MCREM based on the performance metrics, an evaluation
approach similar to the evaluation framework proposed by Bennett
et al. (2018) is adopted. This approach categorizes the performance of
SDRM-MCREM for each metric into three categories: “good”, “fair” and
“poor” according to the agreement between the observed metrics and
the simulated metrics of the 1000 realizations generated by SDRM-
MCREM. A good performance is defined when the observed metric falls
within the 80% (i.e. 10th–90th quantile) confidence interval (CI) of the
1000 simulated metrics. When the observed metric is outside the 80%
CI but inside the minimum and maximum range of the 1000 simulated
metrics, a fair performance is assigned. Otherwise, we consider the
performance as poor, indicating that SDRM-MCREM fails to reproduce
the particular statistic properly. Compared to the evaluation framework
of Bennett et al. (2018) that adopted a 90% CI to evaluate the perfor-
mance of models, we use an 80% CI which is relatively more rigorous.

4. Evaluation of SDRM-MCREM performance

4.1. Reproduction of rainfall time-series statistics

Fig. 3 shows the observed seven rainfall percentiles (10th, 25th,
50th, 75th, 90th, 95th, 99th), monthly rainfall, standard deviation
(Std), probability of wet days and average rainfall amount of wet days
versus the generated counterparts by SDRM-MCREM on monthly scales
in the Qu River basin. Generally, SDRM-MCREM presents a good per-
formance for the majority of these time-series statistics, indicating that
the observed metric is well reproduced by this model with values falling
within the 80% CI. Particularly for the 95th and 99th rainfall percen-
tiles, monthly mean rainfall and the probability and mean of wet days,
this SDRM-MCREM performs quite well illustrated by the medians of
the simulated metrics which are very close to the observed metrics and
the small uncertainty ranges. However, in the monsoon season (mainly
April-June), this model displays a fair performance for the 75th and
90th rainfall percentiles and the standard deviation of monthly rainfall
(i.e. inter-monthly variability) with the 80% CI slightly lower than the
observations and a fair or poor performance for the low percentiles
(10th and 25th) with some overestimation. In addition, the uncertainty
of the simulated low rainfall percentiles from 10th to 50th in the
monsoon season are always larger than for the other months.

The behavior of SDRM-MCREM in simulating annual rainfall and
extreme indicators and their corresponding inter-annual variabilities
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(i.e. standard deviation) compared to those of observations is shown in
Table 3. From Table 3, it can be observed that SDRM-MCREM shows a
fair performance in simulating average annual rainfall but a poor per-
formance for its inter-annual variability with some underestimation.
For extreme statistical indicators, SDRM-MCREM reproduces the R3d,
R5d, CDD and CWD values very well, even their inter-annual vari-
abilities, as there are no obvious differences between the observations
and the simulated medians. The R1d, R7d, R99pTOT and their

variabilities are fairly reproduced with the mean and variability of R1d
and mean R99pTOT being slightly overestimated but the mean R7d and
the inter-annual variability of R7d and P99pTOT being slightly under-
estimated. In addition, SDRM-MCREM presents a good performance in
reproducing mean values of R90pTOT and R95pTOT, but a fair per-
formance in their variabilities. Overall, SDRM-MCREM in most cases
can very well (i.e. good performance) or reasonably well (i.e. fair per-
formance) reproduce the time-series statistics, particularly for the

Table 3
Comparison of average and extreme rainfall statistics of observations and SDRM-MCREM simulations on annual time scales.

Indicators Definition Observation Simulation

Median (bias) 10%–90% Min–Max

PRCPTOT Annual total PRCP in wet days (RR ≥ 0.1 mm) 1875 1808 (−3.6%) 1753–1864 1692–1945
Std of PRCPTOT Standard deviation of PRCPTOT (mm) 361 238 (−34.2%) 199–281 154–345
R1d Annual maximum 1-day rainfall (mm) 81 99 (21.8%) 90–108 80–123
Std of R1d Standard deviation of R1d (mm) 25 35 (41%) 28–45 20–72
R3d Annual maximum consecutive 3-day rainfall (mm) 150 153 (2.6%) 142–167 130–185
Std of R3d Standard deviation of R3d (mm) 48 51 (6.6%) 40–66 24–93
R5d Annual maximum consecutive 5- day rainfall (mm) 198 183 (−7.5%) 171–198 155–225
Std of R5d Standard deviation of R5d (mm) 69 55 (−20.9%) 43–70 29–92
R7d Annual maximum consecutive 7-day rainfall (mm) 228 209 (−8.7%) 195–223 175–247
Std of R7d Standard deviation of R7d (mm) 86 59 (−31.3%) 46–73 33–98
R90pTOT Annual total PRCP when RR > 90th percentile of 1971–2000 daily rainfall 834 806 (−3.4%) 773–838 730–910
Std of R90pTOT Standard deviation of R90pTOT (mm) 325 215 (−33.9%) 179–254 136–326
R95pTOT Annual total PRCP when RR > 95th percentile of 1971–2000 daily rainfall 531 537 (1.1%) 510–563 482–617
Std of R95pTOT Standard deviation of R95pTOT (mm) 274 193 (-29.8%) 159–229 109–276
R99pTOT Annual total PRCP when RR > 99th percentile of 1971–2000 daily rainfall 167 184 (10.4%) 171–199 152–232
Std of R99pTOT Standard deviation of R99pTOT (mm) 172 136 (−21%) 114–163 81–230
CDD Maximum number of consecutive dry days with RR < 0.1 mm (day) 19 17 (−10.3%) 16–19 14–21
Std of CDD Standard deviation of CDD (day) 7 6 (−10.1%) 5–8 3–13
CWD Maximum number of consecutive wet days with RR ≥ 0.1 mm (day) 17 18 (3.9%) 16–19 15–22
Std of CWD Standard deviation of CWD (day) 5 5 (6%) 4–6 3–10

RR: daily rainfall; PRCP: precipitation, i.e. rainfall in this study. The value in brackets represents the relative bias between the median of 1000 simulated realizations
and the observation.

Fig. 3. Comparison of seven rainfall percentiles (10th, 25th, 50th, 75th, 90th, 95th and 99th), monthly rainfall, standard deviation, probability and mean rainfall of
wet days of the observed versus simulated rainfall time series on monthly time scales. The boxplot represents the uncertainty of 1000 realizations generated by the
proposed SDRM-MCREM in this study.
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monthly extreme rainfall and the long-duration annual rainfall data
that are essential for hydrological analysis.

4.2. Reproduction of rainfall event characteristics

The total number of rainfall events and the occurrence frequency of
different duration-based and IET-based rainfall event classes are quite
well reproduced by SDRM-MCREM compared to the observed coun-
terparts (see Fig. 4), as shown by the simulated medians almost over-
lapping the observations and the uncertainty of the 1000 realizations
being small. A similarly good performance can be seen in Fig. 5 showing
the cumulative probability distributions of wet and dry spells. These
good performances are all due to the adoption of the third-order
Markov chain model that can provide a more accurate representation of
wet and dry spells. However, concerning the occurrence frequency of

depth-based rainfall event classes, SDRM-MCREM shows a good per-
formance for heavy and extreme events that are relatively more im-
portant for flood management and a poor performance for light and
moderate rainfall events. The frequency of light rainfall events is un-
derestimated while that of moderate events is overestimated, and this
seems to be caused by the overestimation of rainfall in the low per-
centiles (such as 10th and 25th) that can be seen in Fig. 3.

Fig. 6 displays the uncertainty of the mass curves of the simulated
three rainfall types: advanced (Type A), central-peaked (Type C) and
delayed (Type D) and the observed counterparts. The mass curves refer
to the cumulative rainfall temporal patterns, meaning that the Y-axis
and X-axis represent the cumulative dimensionless rainfall depth and
duration respectively, and the total rainfall duration is equally divided
into three equal intervals as in Gao et al. (2020a). Note that in this part
of analysis, only rainfall events with a duration of three or more days

Fig. 4. Comparison of (a) the total number of rainfall events and the occurrence frequency of (b) depth-based, (c) duration-based and (d) IET-based rainfall event
classes of observations and SDRM-MCREM simulations. The boxplot represents the uncertainty of 1000 realizations generated by SDRM-MCREM.

Fig. 5. Comparison of the cumulative probability distributions of (a) wet spells and (b) dry spells of observations and SDRM-MCREM simulations.
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are considered when analyzing rainfall temporal patterns, because it is
regarded as meaningless to analyze the temporal patterns of 1-day and
2-day rainfall events (Gao et al., 2020a). The occurrence frequency of
different depth-based rainfall event classes that are classified based on
rainfall events with a duration of three or more days and the occurrence
frequency of the three rainfall types in these different event classes are
presented in Fig. 7. For light rainfall events, SDRM-MCREM shows a

large uncertainty in simulating rainfall patterns of the three rainfall
types. This is not surprising, as the occurrence frequency of light
rainfall events is the smallest (Fig. 7(a)). It is also expected that the
performance of SDRM-MCREM is relatively poor in simulating the oc-
currence frequency of different rainfall types for light rainfall events
and the uncertainty is relatively large (Fig. 7(b)). For other rainfall
events, the temporal rainfall patterns and occurrence frequency of the

Fig. 6. Comparison of mean mass curves of three rainfall types for different depth-based event classes between observations and SDRM-MCREM simulations. Only
rainfall events with a duration of three or more days are considered here.

Fig. 7. Comparison of (a) the occurrence frequency of different depth-based rainfall event classes and (b) the occurrence frequency of three rainfall types in these
different depth-based event classes between observations and SDRM-MCREM simulations. Only rainfall events with a duration of three or more days are considered
here.
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three rainfall types are well reproduced, particularly for heavy and
extreme rainfall events in which the related occurrence frequency is
quite well reproduced. Furthermore, the simulated uncertainty is di-
rectly associated with the occurrence frequency of different rainfall
event classes. When the occurrence frequency of one rainfall event class
is small, the uncertainty of temporal patterns of different rainfall types
in this rainfall event class is relatively large, and vice versa.

Overall, the rainfall event characteristics are mostly well re-
produced. This can be expected because SDRM-MCREM was developed
with these properties being taken into account.

5. Application of SDRM-MCREM to hydrological modelling

5.1. GR4J model calibration and validation results

Employing the split-sample cross validation method described in
Section 3.2, the optimum parameter set was selected. In the first round,
the objective function Y, NS and RVE values in the calibration
(1971–1990) and validation (1991–2000) periods are 0.90, 0.91 and
−0.54%, and 0.92, 0.93 and 1.02%, respectively. In the second round,
the corresponding results in the calibration (1981–2000) and validation
(1971–1980) are 0.93, 0.94 and −1.06%, and 0.89, 0.91 and −3.15%,
respectively. With the chosen optimum parameter set, the simulated
runoff versus the observed runoff in the whole historical period is
shown in Fig. 8, including the worst and best performance year. It can
be seen that the major pattern of the hydrograph and most high and low
flows are well captured with overall values of Y and NS respectively
being 0.92 and 0.93 and RVE being smaller than −1.72%, which is very
satisfying. The values of Y in each year ranges from 0.66 to 0.96, NS
from 0.69 to 0.97 and RVE from −14.8% to 2.6%. Although some
peaks are underestimated in the worst performance year, it is still ac-
ceptable compared to other studies (Zhang et al., 2014; Gao et al.,
2019).

5.2. Reproduction of general runoff statistics

In Fig. 9, the simulated percentiles, monthly mean and inter-
monthly variability (standard deviation) of runoff are compared to the
observed counterparts to demonstrate the performance of SDRM-
MCREM as input for hydrological modelling. The black, red and blue

lines with dots correspond to the observed runoff, the simulated runoff
using observed rainfall data and the median of simulated runoff using
SDRM-MCREM generated rainfall data, respectively. Thus, the bias
between the red and black lines, the blue and red lines, and the blue and
black lines are respectively caused by GR4J, SDRM-MCREM, and the
combination of GR4J and SDRM-MCREM. In most cases, the red and
black lines fall within the 80% CI of simulated runoff using SDRM-
MCREM generated data and are very close to the blue lines, indicating
that the combination of SDRM-MCREM and GR4J successfully re-
produced the observed runoff statistics for each calendar month and
performed very well for these runoff properties even taking into ac-
count the hydrological modelling error of GR4J. The low percentiles
(10th and 25th) of runoff in May-August are fairly simulated with slight
overestimation when comparing the medians of SDRM-MCREM simu-
lations with the observations. This can be attributed to SDRM-MCREM
rainfall overestimation in April-June (see Fig. 3) and GR4J over-
estimation in all these months, in which the GR4J model plays a major
role. However, the high percentiles (90th and 95th) of runoff in June
are underestimated to some extent, mainly due to the slight under-
estimation of simulated large rainfall by SDRM-MCREM when com-
paring the medians of SDRM-MCREM simulations with the observations
(see Fig. 3). Even so, the observed runoff can still be covered in the
range of the simulated minimum and maximum runoff and the com-
bination of SDRM-MCREM and GR4J shows a fair performance in these
situations. Furthermore, the monthly mean, 99th percentile and inter-
monthly variability of runoff are also quite well reproduced except
slight underestimation of 99th percentile runoff and inter-monthly
variability in July by the combination of SDRM-MCREM and GR4J,
which is similar to that of the simulated rainfall.

At the annual scale, the capability of the combination of SDRM-
MCREM and GR4J in reproducing annual mean runoff and its inter-
annual variability, and low flow and baseflow is shown in Table 4. As
expected, the combination of SDRM-MCREM and GR4J shows a fair
performance in simulating these annual runoff values even though
there is a slight underestimation of annual mean runoff and over-
estimation of low flow and baseflow, and a relative poor performance in
the inter-annual variability of annual runoff. Same as the inter-annual
variability of rainfall, the inter-annual variability of runoff is moder-
ately underestimated as well and the extent of underestimation is a bit
larger.

Fig. 8. Calibration and validation results of GR4J model.
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5.3. Reproduction of high and low flows

The frequency distributions of high and low flows simulated using
SDRM-MCREM generated data are compared to the observed counter-
parts and the simulated ones obtained using observed data (Fig. 10), in
order to provide an overview of SDRM-MCREM’s capacity of being used
for flood and drought assessment. For high flows, the observed and
simulated annual maximum 1-day and 3-day mean runoff are well re-
produced, particularly for the annual maximum 1-day runoff, as illu-
strated by nearly no differences between the three colored points and
all observations falling within the 80% CI of simulations using SDRM-
MCREM generated data. However, the annual maximum 5-day runoff at
large return periods (i.e. exceedance probability between 6% and 30%)
is fairly reproduced by SDRM-MCREM simulations with relatively large
underestimation. This is mainly caused by the underestimated 90th and
95th percentile runoff in Fig. 9 because the multiple-day runoff would
contain these underestimated large runoffs. The uncertainty of

simulated high flows using SDRM-MCREM generated data becomes
larger with increasing return period. The GR4J model performs very
well in simulating high flows and results in very small differences be-
tween observations and simulations obtained from observed data.

For low flows, the annual minimum 7-day mean flow is well si-
mulated by the combination of SDRM-MCREM and GR4J even though it
is slightly underestimated when the exceedance probability is between
30% and 65%. However, if we look at the annual minimum 30-day and
90-day mean runoff, we note that the low flows are consistently un-
derestimated and this is more pronounced for the longer-duration low
runoff. This is mainly due to GR4J rather than SDRM-MCREM, because
the low flows simulated using observed data and SDRM-MCREM data
are almost identical. The smaller the runoff is, the smaller the un-
certainty of SDRM-MCREM and GR4J jointly simulated low flows,
which is similar to that of high flows.

Overall, the observed high and low flows are all located between the
maximum and minimum of the SDRM-MCREM and GR4J joint

Fig. 9. Comparison of seven runoff percentiles (10th, 25th, 50th, 75th, 90th, 95th and 99th), mean and standard deviation on monthly time scales obtained from the
observed runoff, the simulated runoff using observed data and simulated runoff using SDRM-MCREM generated data, respectively.

Table 4
Comparison of average runoff, low flow and baseflow statistics of observations and SDRM-MCREM simulations on annual time scales.

Indicator Definition Obs Sim_obs Simulations

Median 10th–90th Min–Max

Mean annual flow Mean annual flow 205 201 182 (−11.2%) 172–191 162–207
Std of mean annual flow Standard deviation of mean annual flow 67 71 41 (−39%) 34–48 24–60
Low flow Mean of the lowest annual daily flow divided by mean annual daily flow averaged

across all years
0.072 0.073 0.088 (22%) 0.079–0.096 0.07–0.109

Baseflow Seven-day minimum flow divided by mean annual daily flow averaged across all
years

0.084 0.078 0.095 (14.2%) 0.086–0.105 0.076–0.124

Obs: observed runoff; Sim_obs: simulated runoff using observed data; Simulations: simulated runoff using SDRM-MCREM generated data.
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simulations, suggesting that the combination of SDRM-MCREM and
GR4J has a fair performance in high and low flow simulations.

6. Discussion

6.1. Comparison with another single-site stochastic rainfall model

The performance of SDRM-MCREM in simulating general rainfall
statistics and extreme rainfall at the monthly and annual scales and its
potential use for hydrological applications was compared to that of
WeaGETS. WeaGETS is a well-known and widely-used weather gen-
erator developed by Chen et al. (2012a) based on a Markov chain model
and has shown a better performance in simulating rainfall than the
typical weather generators WGEN and CLIGEN (Chen et al., 2012b,
2010). In the WeaGETS simulation, the same third-order Markov chain
procedure as in SDRM-MCREM was adopted to generate rainfall oc-
currence time series and then the gamma distribution was used to
produce rainfall amounts for each wet day. The results simulated by
WeaGETS are presented in Figs. S3–S6 and Tables S5,S6 in the
Supplementary material. The results in Fig. S3 demonstrate that Wea-
GETS presents a similar performance with SDRM-MCREM in reprodu-
cing the general rainfall statistics but with a bit smaller uncertainty, and
it performs slightly better in terms of annual mean rainfall and annual
maximum 1-day rainfall (Table S5). However, WeaGETS shows a worse
performance in reproducing other rainfall extremes, particularly for the
annual maximum consecutive multiple-day rainfall like 3-, 5- and 7-day
rainfall and the inter-annual variability of all the extreme rainfall in-
dices. In addition, WeaGETS also performs worse than SDRM-MCREM
in rainfall event characteristics (Fig. S4), general runoff statistics (Fig.
S5) and extreme runoff (Table S6), which further results in a poor re-
production of the frequency distributions of high flows (e.g. annual
maximum 3-day and 5-day mean runoff) and low flows (annual
minimum 7-day, 30-day and 90-day mean runoff) in Fig. S6 that are
essential for flood and drought risk assessment. The above phenomena
are mainly because WeaGETS considers each single wet day as an in-
dependent event and does not take the correlation of rainfall amounts
in consecutive wet days (i.e. wet spell or rainfall duration) into account.
Moreover, WeaGETS fails to reproduce the occurrence frequency of
different rainfall patterns in different rainfall event classes in the whole

time series (see Fig. S4), because these rainfall event characteristics are
not taken into account. The unexpected phenomenon that a good re-
production of general rainfall statistics leads to a poor performance in
simulating runoff statistics (Fig. S5) in WeaGETS could be largely at-
tributed to the neglection of influences of temporal rainfall patterns on
runoff (Hettiarachchi et al., 2018). This indicates the great necessity of
incorporating rainfall temporal patterns and their occurrence frequency
in stochastic rainfall models. Compared to WeaGETS, SDRM-MCREM
proposed in this study overcomes the above weaknesses by adopting a
Copula function to preserve the relationship of rainfall depth and
rainfall duration, and simultaneously coupling different temporal
rainfall patterns and their corresponding occurrence frequency into
rainfall events simulation. SDRM-MCREM performs well not only in
reproducing rainfall time-series properties, but also in rainfall event
characteristics, and has strengths in simulating extreme high and low
flows.

6.2. Comparison with a multi-site stochastic rainfall model

With the coupled application of stochastic rainfall models (or
weather generators) with hydrological models in hydrological impact
assessment, the influence of rainfall input from a stochastic rainfall
model on hydrological model output has also been concerned in recent
years. In view of the lumped hydrological model GR4J adopted in this
study, we mainly focus on comparing results of a lumped hydrological
model driven by rainfall time series from single-site and multi-site
stochastic rainfall models. This issue has also been posed and in-
vestigated by Breinl (2016). To achieve this purpose, the simulated
results in this study using the single-site SDRM-MCREM were compared
to those of the multi-site weather generator MulGETS, where the syn-
thetic rainfall was firstly simulated at multiple sites and subsequently
lumped. MulGETS is an extended version of WeaGETS, which generates
rainfall occurrence at multiple sites using a first-order Markov chain
and rainfall amounts using the gamma distribution on a monthly scale
(Chen et al., 2014). The simulated results of MulGETS are shown in
Figs. S7–S15 and Tables S7,S8. From Figs. S7,S8, it can be seen that the
simulated inter-site correlations, i.e. the Pearson correlation coefficient
and Spearman rank correlation coefficient, and also the spatial corre-
lograms of the 14 rainfall sites in the Qu River basin are almost the

Fig. 10. Comparison of the exceedance probabilities of high flows: (a) annual maximum 1-day, (b) 3-day and (c) 5-day mean runoff and low flows: (d) annual
minimum 7-day, (e) 30-day and (f) 90-day mean runoff of the observed runoff and the simulated runoff by using observed and SDRM-MCREM generated data.
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same as the observed ones. This indicates that the spatial correlation is
very well maintained by MulGETS. However, after averaging at the
basin scale, the MulGETS simulations present worse performances than
SDRM-MCREM, and even worse than WeaGETS for both meteorological
and hydrological modelling aspects. Although MulGETS can generally
reproduce rainfall time-series statistics and show smaller uncertainty, it
cannot well retain the annual distribution of rainfall, particularly
during March-June (Fig. S9). The rainfall extremes and the inter-annual
variability are largely underestimated (Table S7). In addition, except
different rainfall patterns, MulGETS also cannot well reproduce the
important rainfall event characteristics, particularly the distributions of
wet and dry spells (Figs. S10–S13). Furthermore, the poor performance
of MulGETS in representing rainfall characteristics leads to a poor re-
production of general runoff statistics and high and low flows (Figs.
S14,S15 and Table S8). The extreme runoff in June, the inter-annual
variability of runoff and high flows are heavily underestimated with
MulGETS simulations, while the lows are overestimated. There are
three possible reasons for the poor hydrometeorological performance of
MulGETS. Firstly, the lower order Markov chain used in MulGETS
cannot well reproduce the wet and dry spells (compared to the higher
order Markov chain adopted in SDRM-MCREM). Secondly, the right-
skewed single gamma distribution cannot well simulate upper-tailed
extreme rainfall (Serinaldi and Kilsby, 2014), which results in the worse
reproduction of rainfall characteristics at each station and further ex-
tends to the areally-averaged rainfall characteristics, particularly for
extreme rainfall. Thirdly, the lumped hydrological model cannot fully
reflect the advantage of MulGETS, i.e. the spatial rainfall character-
istics.

The findings in this study support the conclusions of some previous
studies. For example, Chen et al. (2016) found that there are no obvious
differences between the performance of MulGETS applied to a dis-
tributed hydrological model and that of WeaGETS-lumped data applied
to a lumped hydrological model for hydrological modelling. They
pointed out that a single-site weather generator combined with a
lumped hydrological model is sufficient for accurate hydrological
modelling, even for a large basin. Müller-Thomy and Sikorska-Senoner
(2019) also concluded that the stochastic simulation of areally-aver-
aged versus station rainfall time series resulted in similar results, and
the stochastic simulation of rainfall can be conducted before or after the
spatial averaging of records. Shrestha et al. (2006) even pointed out
that when conducting hydrological probability analysis, conceptual and
lumped models may be preferred to distributed models as lumped
models are considerably faster and allow multiple runs and uncertainty
analysis at low computational costs. Overall, in our opinion, the newly
developed SDRM-MCREM combined with a lumped hydrological model
can be regarded as a good choice for hydrological modelling and flood
and drought risk assessment.

6.3. Long-term variability of SDRM-MCREM

Although SDRM-MCREM presents a good performance in simulating
rainfall time-series statistics, rainfall event characteristics, general
runoff statistics and extreme runoff on the whole, the long-term
variability, i.e. inter-annual variabilities of these statistics are under-
estimated. For seasonal variability, SDRM-MCREM shows a good per-
formance in reproducing the inter-monthly variability (see Fig. 3), be-
cause the copula simulation is conducted with monthly varying
parameters. Underestimating the long-term variability in stochastic
rainfall models has been a common problem because of the stationarity
assumption (Dubrovský et al., 2004; Wang and Nathan, 2007; Chen
et al., 2019) and in recent years several approaches have been proposed
to resolve this issue, mainly including (1) higher-order Markov chain
models for rainfall occurrence; (2) mixed distributions for rainfall
amounts; (3) nesting-type models and (4) models incorporating large-
scale climate indices (Chowdhury et al., 2017). The first two methods
have been tried in SDRM-MCREM, namely the third-order Markov

chain and the double gamma distribution that combines small and ex-
treme rainfall, but their effectiveness in improving the underestimation
of long-term variability is limited. Chen et al. (2019) used a nesting-
type model to couple the monthly- and annual-scale first-order auto-
regressive mode (AR1) model into the daily weather generator Wea-
GETS and the low-frequency variability was successfully preserved by
adjusting the daily rainfall amount using the monthly and annual
rainfall time series. However, this method is not suitable for SDRM-
MCREM, because SDRM-MCREM is built based on rainfall events si-
mulation and the simulation of rainfall event characteristics is expected
to deteriorate using this method, especially for rainfall patterns.
Chowdhury et al. (2017) demonstrated that constructing a Markov
chain model using randomly sampled parameters each year from the
parameter fitted distributions of rainfall occurrence probability and
rainfall amount is very effective in preserving long-term variability.
Incorporating large-scale climate indices, such as ENSO and IPO for the
distribution of rainfall amount is also an effective method (Verdon
et al., 2004). Based on these ideas, we may possibly include a time-
varying copula in SDRM-MCREM using stochastic parameters of the
marginal distributions of rainfall depth and duration, or alternatively
incorporating large-scale climate indices into the distribution para-
meters of rainfall depth, in order to solve the underestimation problem
of the inter-annual variability in future work.

7. Conclusions

The developed SDRM-MCREM in this study combined the ad-
vantages of a higher-order Markov chain model and a rainfall event
model as it simultaneously incorporated properties of rainfall time
series and rainfall events into the simulation procedure. Its performance
in reproducing rainfall statistics and generating input for hydrological
processes simulation, including extreme values that are important for
risk assessment, was evaluated at the catchment scale for the Qu River
basin, East China. The main conclusions are summarized as follows:

(1) For rainfall time-series statistics, SDRM-MCREM presents a good
performance in reproducing monthly average rainfall, various
percentiles and the inter-monthly variability except for a slight
overestimation of low percentiles in the monsoon season. In addi-
tion, the annual mean rainfall is fairly simulated but the inter-an-
nual variability is underestimated compared with the observed
counterpart. This is reasonable because the inter-annual variability
has not been specifically taken into account in SDRM-MCREM. For
extreme rainfall, SDRM-MCREM shows a good performance in re-
producing the R3d, R5d, CDD and CWD indices and even their
inter-annual variabilities, and a fair performance in the R1d, R7d
and R99pTOT indices and their inter-annual variabilities. The
R90pTOT and R95pTOT indices are well reproduced but their inter-
annual variabilities are fairly reproduced.

(2) For rainfall event characteristics, SDRM-MCREM quite well re-
produces the occurrence frequency of different rainfall event classes
that are respectively classified for rainfall depth, rainfall duration
and inter-event time, and the latter two categories reflect the strong
ability of SDRM-MCREM in reproducing the distributions of wet
and dry spells. More importantly, the temporal patterns of different
rainfall types and their occurrence frequency in different rainfall
event classes are also well simulated by SDRM-MCREM, which are
all important properties for rainfall and runoff processes but gen-
erally neglected in stochastic rainfall simulation.

(3) With the good or fair performance in simulating rainfall statistics,
the observed general runoff statistics are similarly reproduced by
the combination of SDRM-MCREM and GR4J. That is, monthly
runoff percentiles, monthly mean runoff and the inter-monthly
variability are quite well simulated. The annual mean runoff and
low flows are fairly simulated but the inter-annual variability of
annual runoff is underestimated.
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(4) The exceedance probabilities of high flows, i.e. annual maximum
1-, 3- and 5-day mean runoff, and low flows, i.e. annual minimum
7-, 30- and 90-day mean runoff, are also well reproduced except for
a slight overestimation of annual maximum 5-day runoff at high
return periods.

Overall, SDRM-MCREM can not only preserve the rainfall time-
series statistics but also rainfall event characteristics, and can be further
used for hydrological modelling and risk analysis. Moreover, the em-
bedded marginal distributions of rainfall duration and depth and copula
functions can be conveniently changed to improve the model perfor-
mance and meet user requirements. Finally, SDRM-MCREM has a strong
potential to assess the impacts of rainfall amounts and temporal rainfall
patterns on extreme runoff under climate change, which has attracted
more and more attention in recent decades.
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