
1. Introduction
Machine learning (ML) based hydrological models have been used as a powerful tool for simulating the rain-
fall-runoff process over the past three decades (Nearing et al., 2021; Razavi, 2021). As a useful complement to 
traditional hydrological models (i.e., conceptual and process-driven models), ML models offer the possibility to 
directly approximate any complex relationships between relevant (e.g., meteorological) inputs and hydrological 
variables such as runoff or other output fluxes, without the need to explicitly define physical relationships (Solo-
matine & Ostfeld, 2008; Wunsch et al., 2021). Even though many hydrological studies have demonstrated that 
ML models generally outperform traditional models in terms of simulation accuracy (Abramowitz, 2005; Best 
et al., 2015; Hsu et al., 1995; Kratzert et al., 2019; Nearing et al., 2016; Nearing et al., 2018), several studies 
have also reported that these models often fail to simulate hydrological extremes (Campolo et al., 1999; De Vos 
et al., 2003; Yang et al., 2020). Such a failure potentially undermines the design of hydraulic structures such as 
levees, dams and reservoirs. Moreover, the changing climate has led to a considerable increase in the number of 
record-breaking flood events over the past decades, and flooding has become the most common type of natural 
disaster (Razavi et al., 2020; Balogun et al., 2020). These challenge conventional ML models for projecting future 
hydrologic extremes. An advanced ML model is thus needed to address the above issues.

There are many reasons causing the failure of simulating hydrological extremes through conventional ML models. 
For instance, Sudheer et al. (2003) indicated that artificial neural networks (ANNs) face difficulties in modeling 
time series with varying skewness (e.g., data distribution with multiple peaks). Even though the model fits the 
bulk of the data, the extreme values contribute to the local variation of time series (i.e., gaps between low- and 
high-flow conditions). Thus, extreme values are generally considered outliers that are poorly fit by the model. 
In fact, this issue not only exists for all types of neural networks (e.g., feedforward, convolutional, and recursive 
neural networks) and deep learning algorithms but also exists for other regression-based ML models such as 
support vector machine (SVM) and linear regression (Kourgialas et al., 2015; Wagena et al., 2020; M. C. Wu 
et al., 2014). Tree-structured models, as one important branch in ML, can effectively handle varying skewness of 
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time series (Booker & Whitehead, 2018; Jeong et al., 2016; Taillardat et al., 2017). However, since such models 
are built based on historical observations, their prediction is thus bounded by the highest and lowest values of the 
training data range, hindering the prediction of extreme values that lie outside the range of training data.

Considerable efforts have been made to improve ML model performance in capturing hydrological extremes. 
These efforts have generally been under three families of methods: data preprocessing (De Vos et al., 2003; Y. R. 
Fan et al., 2017; Robertson et al., 2013; Sudheer et al., 2003; Zemzami & Benaabidate, 2016), improving internal 
functions or structures of ML models (Chetan & Sudheer, 2006; YR Fan et al., 2016; Imrie et al., 2000; M C 
Wu et al., 2014) and developing modular models for each identified sub-process of streamflow (Chu et al., 2020; 
Sivapragasam & Liong, 2005; Tongal & Booij, 2018; C. Wu et al., 2009; Yang et al., 2020; Zemzami & Benaabi-
date, 2016). Each of these families are explained in the following.

For data preprocessing, Imrie et  al.  (2000) explained two common approaches to improve peak flow predic-
tion: incorporating antecedent rainfall information into the model and applying data transformation functions to 
streamflow time series. The first approach introduces the backward moving sums (or averages) of meteorological 
predictors (e.g., rainfall totals or averages over the past days or weeks) as additional independent variables to 
characterize the antecedent soil condition of basins (Robertson et al., 2013; Scornet, 2020; Q Wang & Robert-
son, 2011). The second approach is to apply appropriate transformation functions (e.g., log and Wilson–Hilferty) 
to streamflow time series to reduce its local variation (Sudheer et al., 2003; Zemzami & Benaabidate, 2016). Data 
preprocessing methods, however, can only help to a limited extent and might be inadequate for basins with scarce 
observations because insufficient data do not encompass essential hydrological variabilities that are critical for 
determining reliable data transformation functions (Yang et al., 2020).

Several efforts have been aimed at improving the internal functions or structures of ML models to facilitate high-
to-extreme flow simulations. Such efforts include, but are not limited to, improving activation functions in the 
output layer of neural networks (Chetan & Sudheer, 2006; Imrie et al., 2000), combining a quantile regression 
method with a tree-structured model (Y. R. Fan et al., 2016), and embedding a self-organizing map method into a 
support vector machine (SVM) (M. C. Wu et al., 2014). Nevertheless, these models that mostly rely on the single-
model structure could not directly address the varying skewness of streamflow distributions (K. Li et al., 2022; 
Zhu et al., 2015).

Modular models based on a break-down of the hydrological process into several sub-processes can partly address 
the above issue and improve high-to-extreme flow simulations (Dralle et al., 2016; Kourgialas et al., 2015; Laio 
et al., 2009; K. Li et al., 2022; Solomatine & Dulal, 2003; Tongal & Booij, 2018; C. Wu et al., 2009; Yang 
et al., 2020). The ensemble of modular models is expected to reflect distinct hydrological behaviors for each 
sub-process (Hsu et al., 1995; Solomatine & Ostfeld, 2008; C. Wu et al., 2009; Yang et al., 2020). However, 
modular models usually suffer from insufficient observations, especially those for peak and extreme flow simu-
lations. The scarcity of extreme value observations poses a significant challenge to modular models used to build 
quality relationships between independent and dependent variables. Such underperformed relationships, in most 
cases, fail to extrapolate beyond historical observations, thereby leading to an unreliable projection of future 
extremes.

Most of the conventional ML models produce deterministic predictions without reflecting uncertainties in mode-
ling structures, inputs, and parameters (Maier & Dandy, 2000; Zhang et al., 2011). Probabilistic simulation has 
received increasing attention from hydrological communities, where uncertainties can be reflected for supporting 
risk assessment and management (Y. R. Fan et al., 2017; Z. Li et al., 2015; Z. Liu et al., 2018; Zhang et al., 2011).

To sum up, several limitations exist in the previous ML modeling efforts, including (a) challenges in predefining 
data transformation functions, (b) difficulties in addressing varying skewness of streamflow distributions, and (c) 
incapability of generating probabilistic expressions of modeling outcomes. These have constrained the abilities of 
conventional ML models for robust simulation of hydrological extremes. These limitations may be exaggerated 
under changing climatic conditions, leading to intensified challenges in the projections of hydrological extremes 
and associated risks.

In light of the above considerations, the objective of this study is to develop a joint probabilistic rainfall-runoff 
model (JPRR) for projecting peak and extreme flows on a daily scale. JPRR is built based on paired copula 
constructions (PCCs) through bootstrap aggregation (Bagging) (Breiman,  1996) and multi-model ensemble 
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approaches (Zhu et  al.,  2015). The PCCs are powerful tools for tackling extreme flows through the analyses 
of dependence structures between input and output variables, without the requirement of pre-assuming flow 
distributions (Joe et al., 2010; J. Liu, 2011; Renard & Lang, 2007; Thevaraja, 2018). Such an advantage can help 
address various complexities in the flow distributions, without assuming subjective data transformation func-
tions. In JPRR, simulations are achieved using thousands of multivariate probability density functions (pdfs). 
Each of these multivariate pdfs is jointly initiated based on a set of explanatory variables (derived from rainfall), 
a target variable (streamflow), and a number of copula density functions. Given the probabilities of explanatory 
variables and multivariate pdfs, probabilistic predictions of streamflow can be obtained. These predictions will 
then be aggregated sequentially through the approaches of bootstrap aggregation and multi-model ensemble. 
Since each ensemble member has its unique characteristics in reflecting flow magnitudes, the entire ensemble 
(i.e., JPRR simulation) is thus expected to be able to reflect varying skewness of flow distributions.

This paper entails (a) application of the developed JPRR to four basins in China with different climatic and 
landscape characteristics; (b) comparative assessment of JPRR's performance against three ML models including 
random forest (RF), multilayer perceptron (MLP), and long short-term memory (LSTM); (c) inference of peak 
flow modeling through examination of internal JPRR components; (d) assessment of flood risks according to the 
extreme-flow projections for 2030 to 2100, based on the outputs from a regional climate model (i.e., RegCM); 
(e) integration of JPRR with conventional ML models to predict low-to-mid and high-to-extreme flows in the 
four study basins.

2. Joint Probabilistic Rainfall-Runoff Model
A hydrological extreme is usually caused by a compound event in which any individual event may not necessarily 
be extreme (Bevacqua et al., 2017). For instance, a flood event with a 100-year return period is not necessarily 
caused by a rainfall event of the same return period. Instead, it may be caused by a rainfall event with a 50-year 
return period compounded with an extreme wet soil condition. Such a phenomenon is frequently observed in 
hydrologic studies, indicating that the dependence structure among contributing events is critical in modeling 
extreme values (Huang & Fan, 2021; Y. Fan et al., 2020; Z. Liu et al., 2018; Renard & Lang, 2007). PCCs are a 
well-known statistical method for characterizing extreme values by analyzing the dependence structure between 
input and output variables (Joe et al., 2010; J. Liu, 2011; Renard & Lang, 2007). Even though the application 
of PCCs is not new in hydrologic studies, such as flood peak estimations based on flood volume and duration 
(Daneshkhah et al., 2016; Gräler et al., 2013), no attempt has been made to use PCCs to build rainfall-runoff 
relationships for high-to-extreme flow projections.

Simulating peak flows through PCCs is complex since it involves numerous contributing factors such as instanta-
neous rainfall, antecedent soil condition of basins and groundwater levels, etc. The complexities of the relations 
between these factors and peak flows are further exacerbated due to uncertainties in the dependence structures 
among explanatory variables and parametric distributions of the data. Considering the above complexities, JPRR 
is formulated through the following four steps (as illustrated in Figure 1): (a) generating predictor sets that reflect 
complex basin conditions (e.g., climate and initial catchment conditions); (b) extracting peak flows and the 
associated forcings for each rainfall event; (c) fitting multiple bootstrap-aggregated PCCs (i.e., modular models) 
based on combinations of predictors; (d) aggregating modular models through a multi-model ensemble approach 
(i.e., Bayesian model averaging with stratified sampling (Zhu et al., 2015)).

2.1. Construction of Surrogates

Precipitation is the only factor used to simulate peak flows in JPRR. Previously, successful applications have 
been reported via using the backward moving sums (or averages) of precipitation (e.g., rainfall totals or averages 
over the past days or weeks) to reflect the complex basin conditions (Robertson et al., 2013; Scornet, 2020; Q. 
Wang & Robertson, 2011). The newly generated predictors act as the surrogates to characterize the antecedent 
soil condition of basins. In this study, a backward moving sum with multiple moving windows (T = 3, 5, 15, 30) 
is applied to precipitation time series (e.g., for time series X, T = 3 indicates the sum of Xt-1, Xt-2, and Xt-3). The 
shorter moving windows (i.e., T = 3 and 5) act as the surrogates to characterize the antecedent soil moisture of the 
basins, while the longer moving windows (i.e., T = 15 and 30) are more associated with groundwater dynamics. 
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These moving window sizes are determined based on the lagged correlations between rainfall and soil moisture 
on a global scale (McColl et al., 2017), and between rainfall and groundwater levels in many regions around the 
world (Changnon et al., 1988; Dudley & Hodgkins, 2013; Kotchoni et al., 2019). Two different window sizes for 
each type of surrogate reflect the uncertainties that exist in soil type, mean depth to water, and thickness of soil. 
From the perspective of hydrology, the backward moving sum strategy can be regarded as a statistical approxi-
mation to the saturation-excess-based runoff generation mechanism (i.e., runoff is generated when cumulative 
precipitation exceeds the maximum soil water retention capacity). However, such a strategy may not adequately 
approximate the infiltration-excess-based runoff generation mechanism (i.e., runoff is generated when rainfall 
intensity exceeds the soil infiltration rate) due to a lack of rainfall intensity information. To this end, the maxi-
mum daily precipitation for 1 and 3 days prior to the start of simulation is also considered as predictor to represent 
the situations in which instantaneous rainfall exceeds the soil infiltration rate. Based on the generated variables, 
any arbitrary flow event can be simulated through compound events surrogating (a) antecedent soil moisture, (b) 
groundwater dynamics, (c) antecedent rainfall intensity, and (d) current rainfall volume.

Figure 1. The framework of joint probabilistic rainfall-runoff model. Note that subscripts A, B, C and D represent the index 
of surrogates for current rainfall volume, antecedent soil moisture, groundwater dynamics, and antecedent rainfall intensity, 
respectively; subscripts 1 and 2 represent two window sizes.
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2.2. Data Extraction for Training PCCs

The training dataset for copula construction is acquired by extracting maximum daily flows and the correspond-
ing forcing data (based on the date of occurrence of maximum daily flow) for each rainfall event over the training 
period. Typically, a rainfall event can be defined as the continuous rainfall separated from the preceding and 
the following events by a period of 1–4 days with no rain, depending on climate zones and seasons (Brunetti 
et al., 2010; He et al., 2020; Saito et al., 2010). Due to the time lag in a rainfall-runoff process, maximum flow 
volume may occur after the rainfall event. If two rainfall events are close to each other, their maximum daily flows 
may be non-independent (i.e., serial correlated), thereby leading to unreliable dependence structures among vari-
ables (Renard & Lang, 2007). To address the above limitations, a rainfall event is defined as the continuous 3-day 
rainfall totals, separated from the preceding and the following events by a period of 5 days with no rain (i.e., 3-day 
rainfall totals equal 0). Even though the flood peaks extracted from such rainfall events may not be strictly non-in-
dependent, at least their temporal autocorrelations can be significantly reduced, as illustrated in Section 3.3.

2.3. Construction of Bootstrap-Aggregated PCCs

Copulas approximate the dependence structure between generated variables and peak flows by connecting 
univariate pdfs to form a multivariate pdf. Sklar's theorem states that any d-dimensional cumulative distribution 
function F can be formulated through a copula and its cumulative marginal distributions (i.e., univariate cumula-
tive distribution functions) (Nelsen, 2007). A multivariate copula function can be expressed as:

� (�1, �2, ..., ��) = �(�1 (�1) , �2(�2) , ..., ��(��)) (1)

where C is the n-dimensional copula corresponding to F, and F1(x1), F2(x2), …, Fn(xn) are cumulative marginal 
distributions of the random vectors (X1, X2, …, Xn). The copula C is unique under the assumption that the cumu-
lative marginal distributions Fi(xi) are continuous, and the multivariate pdf can be decomposed as:

� (�1, �2, ..., ��) = �1(�1) ⋅ �2(�2) ⋅ ... ⋅ ��(��) ⋅ �(�1(�1) , �2(�2) , ..., ��(��)) (2)

where c is the copula density. Equation 2 represents that any multivariant pdf can be decomposed into a product 
of marginal distributions and the copula density, which describes the dependence among the variables inde-
pendently of their marginals (Bevacqua et al., 2017). In other words, a valid joint pdf can be constructed given 
any existing family to the copula density in Equation 2.

However, building a high-dimensional copula density is a difficult task (Aas et al., 2009) since the set of high-di-
mensional copula families is limited compared with a large number of bivariate copula families. Therefore, 
vine copula has been used as a flexible and intuitive alternative that decomposes a multivariate density into a 
set of bivariate copula densities relating to original variables and their explanatory variables (Aas et al., 2009). 
The fundamental theory and application of vine copulas can be found in the study by Brechmann and Scheps-
meier (2013) and Joe and Kurowicka (2011). The deduction process of a bivariant conditional density function 
is used to illustrate how a multivariate density can be decomposed into a set of bivariate copula densities. Based 
on the chain rule, the joint probability of variables x1 and x2 have two possible expressions and can be written as

� (�1, �2) = � (�1|�2) ⋅ �2(�2) (3)

or

� (�1, �2) = � (�2|�1) ⋅ �1(�1) (4)

where f(x1, x2) is the joint pdf, f(x1|x2) and f(x2|x1) are the conditional density function and f(xi) is the pdf for 
variable xi. According to Equation 2, f(x1, x2) can be written as

� (�1, �2) = �1(�1) ⋅ �2(�2) ⋅ �1,2(�1(�1) , �2(�2)) (5)

combining Equations 3 and 5, so that

� (�1|�2) = �1(�1) ⋅ �1,2(�1(�1) , �2(�2)) (6)
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Therefore, the pdf of x1 given x2 can be calculated from the pdf of variable x1 and a bivariant copula density. For 
a three-dimensional pdf, there are 6 (i.e., 3 × 2 × 1) possible ways of decomposition. One possible decomposition 
can be written as

� (�1, �2, �3) = � (�3|�2, �1) ⋅ � (�2|�1) ⋅ �1(�1) (7)

According to Equation 2, the conditional density functions in Equation 7 can be expressed as

� (�2|�1) =
� (�1, �2)
�1(�1)

= �2(�2) ⋅ �1,2(�1(�1) , �2(�2)) (8)

and

� (�3|�2, �1) =
� (�2, �3|�1)
� (�2|�1)

=
� (�2|�1) � (�3|�1) �2,3|1 (� (�2|�1) , � (�3|�1))

� (�2|�1)
= � (�3|�1) �2,3|1 (� (�2|�1) , � (�3|�1))

= �3(�3) �1,3 (�1(�1) , �3(�3)) �2,3|1 (� (�2|�1) , � (�3|�1))

 (9)

combining Equations 7–9, so that

� (�1, �2, �3) = �1(�1) ⋅ �2(�2) ⋅ �3(�3) ⋅

�1,2(�1 (�1) , �2(�2)) ⋅ �1,3(�1(�1) , �3(�3)) ⋅ �2,3|1(� (�2|�1) , � (�3|�1))
 (10)

A 3-dimensional pdf can thus be converted to a product of marginal distributions f1(x1), f2(x2), and f3(x3) as 
well as bivariate copula densities c1,2, c1,3, and c2,3|1. Vine copula is able to approximate a complex multivariate 
distribution through various selections of existing bivariant copula families from Gaussian, student-t, and Archi-
medean (e.g., Clayton, Gumbel, Frank, and Joe copulas). Understanding the tail dependence of different copulas 
is particularly important for modeling hydrological extremes. Figure 2 shows the tail dependences for different 
copulas. For instance, the Clayton copula exhibits the left (i.e., lower) tail dependence, which indicates that the 
variables have a higher correlation at lower values; whereas the 180-degree rotated Clayton (survival Clayton) 
copula exhibits the right (i.e., upper) tail dependence, thereby enabling the copula to tackle extremely high values.

The parameters of decomposed density functions are estimated in two steps: (a) fitting the marginal distributions 
of streamflow and explanatory variables and (b) fitting the paired copula functions given a set of copulas in 
Figure 2. The marginal distributions of rainfall data are fitted by gamma distributions as suggested by Papalexiou 
and Koutsoyiannis et al. (2016), using the maximum likelihood estimation (MLE) method. The marginal distri-
butions of flow data are fitted by log-normal distributions. The Kolmogorov-Smirnov (K-S) test is performed to 
remove those poorly fitted distributions. Copulas are fitted using the R package "CDVineCopulaConditional" 
(Bevacqua et al., 2017), in which the D-vine structure is used with the criterion of Bayesian information criterion 
(BIC). The criterion used for copula selection is the Akaike information criterion (AIC). The copula parameters 
are estimated through the MLE method.

Once a multivariate pdf is determined, the cumulative probabilities of the target variable (i.e., the flow rate in 
this study) can be estimated through a cascade sampling process: after the cumulative probability of the first 
explanatory variable is simulated from a uniform distribution, each following (explanatory or target) variable is 
simulated conditional on the preceding group of simulated variables through established copula density functions 
(Bevacqua et al., 2017; Sun et al., 2021). The detailed algorithms can be found in Aas et al. (2009). Thereafter, 
the values of flow rate corresponding to its cumulative probabilities can then be obtained.

Due to the uncertainties that exist in high-dimensional vine copulas (i.e., the explanatory variables greater than 
4), the number of possible vines could be hundreds or even thousands, thereby requiring tremendous efforts to 
optimize the copula parameters (Allen et  al.,  2017). Moreover, uncertainties exist in parameters of marginal 
distributions and dependence structures further challenge the estimation of multivariate pdfs (Y. Fan et al., 2020; 
Stoeber et al., 2013; M. Zhang & Bedford, 2018). Therefore, subsets of predictors have been used to construct 
vine copulas to address the high dimensionality and uncertainties by limiting the number of explanatory variables 
to four. According to the categories of predictors, there are eight combinations of predictor sets in this study, as 
indicated in Figure 1. Each of the combinations includes four predictors (i.e., explanatory variables) representing 
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current rainfall volume (XA), antecedent soil moisture (XB), groundwater dynamics (XC), and antecedent rainfall 
intensity (XD). The differences among combinations reflect uncertainties that exist in basin underlaying surfaces. 
Therefore, eight 5-dimensional vine copula models are built with each being trained through the bootstrap aggre-
gating (Bagging) (Breiman, 1996). Bagging is an ensemble sampling technique that is a well-known approach 
of ML for improving single models due to its ability to reduce high variance produced by a single model while 
maintaining its low bias (Belkin et al., 2019; Dietterich & Kong, 1995; Moniz et al., 2017). In hydrologic studies, 
Bagging and associated ML models such as random forest (Breiman, 2001) have been increasingly adopted for 
dealing with various regression tasks (Shortridge et al., 2016; Y. Zhang et al., 2018). The procedures of using the 
Bagging algorithm to derive each of the eight modular models of JPRR are presented as follows:

1.  Define the number of bootstrap replicates NB (set as 200 in this study; the adequacy of the replicates is 
discussed in Section 4.2).

2.  Implement the sampling with replacement over observed pairs of explanatory and target variables Z = (X, Y) 
to obtain Z* = (X*, Y*); Z* has the same size as Z. Such a bootstrap sampling process can leave about 1/3 of 
the original dataset as out-of-bag (OOB) data; these OOB data is denoted as Z OOB = (X OOB, Y OOB).

3.  Fit the appropriate marginal distributions to X* and Y* and estimate associated parameters.
4.  Fit a 5-dimensional copula to Z* based on the chosen copulas in Figure 2.
5.  Repeat steps 2–4 NB times and then obtain NB sets of fitted marginal distribution and copula function. The 

Anderson-Darling test and the Cramér von Mises test are used to reject parameters that lead to poor fits for 

Figure 2. Copulas used in this study. Note that each scatter plot represents a specific copula: (1) independence copula (no tail dependence); (2) Gaussian copula (same 
dependence on either end of tails); (3) Clayton copula (greater dependence on the left tail); (4) Gumbel copula (greater dependence on the right tail); (5) Frank copula 
(same dependence on either end of tails); (6) Joe copula (greater dependence on the right tail); (7) survival Clayton copula (greater dependence on the right tail); (8) 
survival Gumbel copula (greater dependence on the left tail); and (9) survival Joe copula (greater dependence on the left tail).
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both marginal and copula models, ensuring that the estimated parameters can pass statistical tests for both 
marginal distributions and copula models. Independence copulas are used for those who do not pass the inde-
pendent test (i.e., Cramér von Mises statistic).

6.  Validate each NB copula model based on the corresponding Z OOB data, using the root mean square error 
(RMSE) as the objective function. The error can then be used as weights to aggregate (i.e., average) the prob-
abilistic simulations from NB copula models.

2.4. Ensemble of Modular Models

Due to the changes in land use and soil types, the performance of modular models varies along with basin char-
acteristics. Each modular model carries the information on the dependence between peak flows and four explan-
atory variables, reflecting partial aspects of hydrological processes. For characterizing hydrological processes 
in different aspects, a discrete ensemble approach called Bayesian model averaging with stratified sampling 
(BMASS) (Zhu et al., 2015) is adopted to combine the information carried by each modular model. The essence 
of BMASS is to apply the Bayesian model averaging (Raftery et al., 2005) to various quantiles of the target 
variable in order to improve the simulation accuracy. This approach has been shown to be effective in previous 
hydrological and meteorological studies (K. Li et al., 2022; Zhu et al., 2015). In this study, the ensemble of modu-
lar models can be derived through the following two steps. The first step is to categorize the flow observations 
(training data) into 14 flow intervals based on 13 predefined percentiles (25th, 50th, 55th, 60th, 65th, 70th, 75th, 
80th, 85th, 90th, 95th, 99th, 99.5th), where 25 and 50th percentiles are for baseflow and low flow; 55, 60, …, 
95th for median-to-high flows; 99 and 99.5th percentiles are for high-to-peak flows. Therefore, each flow interval 
contains the samples of observation and corresponding modular model probabilistic simulations (from the OOB 
dataset). Then, the second step is to perform BMA for each class using observations and simulations at the 50th 
percentile (from each modular model) to obtain the BMA weights.

For model simulation, it is assumed that the 3-day rainfall totals exceeding its 95th percentile during the training 
period can lead to the flow of concern. Thus, the probabilistic simulations will only be performed on those days. 
The ensemble means of modular model simulations (based on the 50th percentile) are used for categorizing the 
same 14 flow intervals used for the training period. The simulation over a particular flow interval (e.g., 55th to 
60th percentile) is the average of all modular model simulations weighted by the BMA within this flow interval. 
The probabilistic simulation is eventually achieved by assembling the probabilistic simulations from all flow 
intervals. The generalized input-output relations of JPRR can be expressed as follows:

� = � (�0, �1���, �3, �3���, �5, �15, �30) (11)

where Q is the probabilistic simulation of flow rate (m 3/s) for time step t = 0, f is the JPRR function, P0 is the 
precipitation (mm) at time step t = 0, P3 is the cumulative precipitation (mm) during time steps t = −1, −2 and 
−3, and same notation is also applied to P5, P15, and P30; P1Max and P3Max are the maximum daily precipitation 
(mm) prior time step t = 0.

3. Case Study
3.1. Study Area and Data

The capability of JPRR has been demonstrated in four basins in China, including the Xiangxi River basin, Jie 
River basin, Na River basin, and Daxi River basin (Figure 3). The Xiangxi River basin is located in the Three 
Gorges Reservoir (TGR) area in Hubei province, China. The river has a mainstream length of 94 km with a drain-
age area of 3,099 km 2, which is the largest tributary of Yangtze River in the Hubei part of the TGR area (Y. R. 
Fan et al., 2017). The whole basin has a northern subtropics climate with annual precipitation ranging from 670 
to 1,700 mm and exhibits significant spatial variability in topography and land use types (Han et al., 2017). The 
Jie River basin is located in Liupan mountain of Ningxia province, China. The river is the third-class tributary of 
the Yellow River, with a basin area of 285 km 2. The river basin is considered one of the most representative basins 
for semi-humid mountain forest regions in Northwestern China, with annual precipitation of over 600 mm. The 
mean elevation of the basins is around 2,000 m, with a mean riverbed slope of 28: 1,000. The Na River basin is 
in a semi-arid climate zone and is one of the representative basins in the loess plateau, with a total control area 
of 1,671 km 2. The annual precipitation of the basin ranges from 500 mm at the river outlet (with an elevation of 
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1,050 m) to 700 mm upstream (with a height of 2,100 m). The basin is characterized by scarce vegetation cover 
and severe soil erosion (4,000 to 9,000 tons/km 2/year). The Daxi River basin is also located over a semi-arid 
climate zone in the south end of the loess plateau, with an annual mean precipitation volume of 550 mm. The 
river has a mainstream length of 157 km with a drainage area of 2,537 km 2. Compared with the Na River basin, 
however, the Daxi River basin has abundant vegetation cover upstream and a much gentler riverbed slope, which 
significantly limits soil erosion. Due to the uneven temporal distribution of precipitation, over 55% of the annual 
precipitation falls between July and September.

The dataset used in this study consists of daily streamflow time series, daily meteorological time series (including 
precipitation, temperature, and relative humidity) from meteorological stations (shown in Figure 3), and station-
based daily climatic projections derived from the regional climate model (RegCM). The daily meteorological 
time series for each attribute in each basin is composed of the average values of all gauged data (from all stations) 
over the basin. The daily streamflow and historical meteorological data for Xiangxi River (1999–2008) were 
obtained from the Xingshan Hydrological Bureau and Xingshan Meteorological Bureau, respectively. The daily 
streamflow and historical meteorological data for Jie River, Na River, and Daxi River were obtained from the 
Yellow River Conservancy Commission of the Ministry of Water Resource and the National Meteorological 
Information Center, respectively. Due to the intensive water conservation projects (e.g., dams) that have been 
carried out in the basins of the Jie River, Na River, and Daxi River since the 1990s, the streamflow has been 
significantly regulated after that period (Tian et al., 2013; Zhang et al., 2008). Therefore, the pre-1990 hydrologi-
cal and climate data were used to investigate the model performance in these basins with pristine conditions (i.e., 

Figure 3. Maps of the study area. Note that panels a to d represent Xiangxi River basin, Jie River basin, Na River basin, and Daxi River basin, respectively.



Water Resources Research

LI ET AL.

10.1029/2021WR031557

10 of 27

minimally affected by human influences such as dam regulations). The station-based daily climatic projections 
(2030–2099) were derived from the gridded dataset based on the grids where the meteorological stations are 
located. The gridded dataset was generated by RegCM and obtained from the China Climate Data Portal (Lu 
et al., 2019; X Wang & Huang, 2017), covering the areas of Jie River, Na River, and Daxi River Basins. Since 
JPRR aims to simulate rainfall-induced floods, which mostly occurred from April 1 to September 30 in all basins 
of this study. Therefore, historical and projection data for the period from April 1 to September 30 (i.e., rainy 
seasons) were used for the modeling process, thereby avoiding the modeling impact caused by snow fall. In fact, 
modeling with subsets of training data (reflecting specific flow conditions) is an effective approach to reduce the 
varying skewness of dataset distributions, and thus help achieve better performance in simulating high flows than 
modeling with the entire dataset (Hsu et al., 2002; Solomatine & Ostfeld, 2008; W. Wang et al., 2006).

3.2. Performance Evaluation

The performance of JPRR was evaluated against three well-known data-driven models, including random forest 
(RF) (Breiman,  2001), multilayer perceptron neural network (MLP), and long short-term memory (LSTM). 
These models have been applied to perform numerous streamflow simulations with remarkable predictive accu-
racy (ASCE Task Committee, 2000; Kratzert et al., 2018; Tongal & Booij, 2018). Besides the precipitation-re-
lated predictors (i.e., P0, P3, …, P30) used for JPRR, the benchmark models also used daily air temperature and 
relative humidity as additional driving forces to fully exploit the model potential. The backward moving averages 
with multiple moving windows (T = 3, 5, 15, 30) were applied to daily air temperature and relative humidity to 
produce the surrogates of basin conditions.

RF is an ensemble of regression trees derived from bootstrap samples of the training dataset (Y. Zhang 
et  al.,  2018). The basic concept of RF is that the variation in model prediction is reduced when the number 
of ensemble members increases, and thus the prediction can be more robust and accurate (Breiman, 2001; Y. 
Zhang  et al., 2018). RF suffers less from overfitting compared with other ML-based methods. This study used 
the R package "randomForest" (Liaw & Wiener, 2002) to train the RF with default parameters. RF also uses 
Bagging (introduced in Section 2.3) in the modeling process, leaving 1/3 of the data as out-of-bag (OOB) data for 
measuring the weights of each regression tree.

MLP is a well-established artificial neural network that consists of a network of nodes and links between predic-
tors and predictions. Each link in the network represents a function mapping the input nodes into the output 
node (Ripley, 2007). MLP was trained in this study using the stochastic gradient descent backpropagation as the 
learning function with the R package "RSNNS" (Bergmeir & Benítez Sánchez, 2012). The 5-fold cross-validation 
scheme (Stone, 1974) was applied to MLP. Specifically, the scheme used the data in the training period to gener-
ate five different dataset groups, with each containing 80% of the (randomly sampled) dataset for training and 
20% for validation. By modeling with these dataset groups, the optimal model configuration (based on the vali-
dation dataset) was identified for further testing. It should be noted that the model training and validation datasets 
are from the model training period, while the testing dataset is from the testing period. Each group of training 
data was fed into the MLP model with a maximum of 5,000 times (i.e., epochs = 5,000) using the loss function 
of MSE. The training iteration (over epochs) will stop when the validation performance starts to degrade. Such an 
early-stopping mechanism can prevent MLP from overfitting. Two hyperparameters, including the learning rate 
and the number of units in the hidden layer(s), were optimized using the grid search method (Gilli et al., 2019).

LSTM is a type of recurrent neural network. Each LSTM layer uses a memory cell and three gates to control 
information in the hidden neuron. The LSTM model was evaluated using Keras 2.2.5 and TensorFlow 2.0.0 with 
R statistical computing software (R Core Team, 2020). The model comprises two stacked LSTM layers with 
a neuron size that equals the number of predictors. The model with a sequence-to-value mode simulates daily 
streamflow based on the past 30 days of meteorological data, making the input structures different from other 
benchmark models. LSTM also used the 5-fold cross-validation scheme for model parameter turning. Each group 
of the training dataset was fed into the LSTM with a maximum of 5,000 iterations (i.e., epochs = 5,000) using the 
loss function of MSE and the early-stopping mechanism. The best dropout rate was determined using the trial-
and-error approach, with a number of candidate values (from 0.05 to 0.3 with an increment of 0.05). The LSTM 
model configuration with the lowest MSE (among the five groups) was used for further testing.



Water Resources Research

LI ET AL.

10.1029/2021WR031557

11 of 27

For each basin, two sets of models (including JPRR and benchmark models) were trained and tested for different 
training and testing periods to examine the robustness of modeling results. The testing periods were manually 
selected to cover both high and low flows in each continuous testing period, as shown in Figure 4. The models 
used to project future streamflow were trained using the entire historical dataset during the rainy seasons.

Four error metrics were used in this study to evaluate the model performance. They include the coefficient of 
determination (R 2), Nash-Sutcliffe efficiency (NSE) (Nash & Sutcliffe, 1970), Kling-Gupta efficiency (KGE) 
(Gupta et al., 2009) and percent bias (PBIAS) (Sorooshian et al., 1993). These performance indices have been 

Figure 4. Training and testing streamflow time series used for each hydrologic station. Note that sets 1 and 2 indicate two 
sets of training (shown as double black arrows) and testing (shown as double red arrows) dataset selected for each hydrologic 
station. Each testing period covers both high and low flows.



Water Resources Research

LI ET AL.

10.1029/2021WR031557

12 of 27

widely used in hydrological studies since they are reliable and easily interpretable (Shortridge et al., 2016; Tongal 
& Booij, 2018). The expressions of these error metrics are listed as follows:

𝑅𝑅2 =

⎡⎢⎢⎣
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Where 𝐴𝐴 𝐴𝐴𝑛𝑛 and 𝐴𝐴 𝐴𝐴∗𝑛𝑛 are the nth observed and simulated daily streamflow values, respectively; 𝐴𝐴 𝑦𝑦 is the mean 
of observed daily streamflow time series; 𝐴𝐴 𝑦𝑦∗ is the mean of simulated daily streamflow time series; N is 

Figure 5. Lag-1 autocorrelation of daily streamflow in the original (blue) and extracted (gray) series of the training period 
for each dataset. Note that correlation efficiency is based on the Pearson correlation (r).
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the number of observations; r is the linear correlation coefficient between simulated and observed values; 
α denotes the measure of relative variability in the simulated and observed values (α = σy*/σy; σ denotes the 
sample variance), and β represents the ratio of simulated and observed flow means (β = μy*/μy; μ denotes the 
sample mean).

Figure 6. Marginal distributions for the input and output variables of joint probabilistic rainfall-runoff model based on 
training dataset 1. Note that each marginal distribution was plotted using the mean parameters from 200 bootstrap sampling 
with replacement. The rainfall data were fitted using gamma distributions. The flow data were fitted using the log-normal 
distribution. The detailed statistics are given in Table S2 and S3.



Water Resources Research

LI ET AL.

10.1029/2021WR031557

14 of 27

3.3. JPRR Fitting

For each training dataset, the lag-1 autocorrelations (based on Pearson correlation) of peak flow series (i.e., maxi-
mum daily flows of each rainfall event) are significantly lower than those of the original flow series (Figure 5). 
The p-values of the Pearson correlation tests are shown in Table S1. The fitted marginal distributions of the 
extracted flow series and the corresponding explanatory variables are shown in Figure 6 (dataset 1) and S1 (data-
set 2). The mean parameter values (shown in Tables S2 and S3), based on 200 bootstrap sampling with replace-
ment, were used to plot each marginal distribution. Due to the uncertainties that exist in these parameters, 1,600 
(i.e., 200 × 8) completely different PCCs were fitted. Figure 7 shows one of these fitted PCCs (along with contour 
plots) in JPRR. As indicated in this case, 10 copula density functions are considered in such a PCC.

3.4. Results Analysis

As JPRR is an event-based model (cannot simulate the entire streamflow process), the benchmark model simu-
lations can only be compared with JPRR simulation at the time steps (i.e., days) available to JPRR. The entire 
training, validation, and testing hydrographs of benchmark models are shown in Figures S2 to S7. The loss curves 
of MLP and LSTM are shown in Figures S8 to S11. These results indicate that all benchmark models can gener-
ally characterize the streamflow variations during the training period. For dataset 1, the training and validation 

Figure 7. An example of the fitted paired copula constructions (PCCs) for the SGK station. Note that the number combinations on top of each contour plot represent 
the copula density of associated variables (e.g., 4,2; 5 represent the copula density c4,2|5; numbers from 1 to 5 represent variables Q, P0, P3Max, P5, and P30, respectively). 
PCCs were fitted through a cascade process: the copula densities in the bottom row are fitted first, then to the second row from bottom (e.g., use a and b to fit e, the 
third row from bottom (e.g., use e and f to fit h, and finally the top row. These copula density functions (from a to j) were fitted as follows: (a) Gaussian (par = −0.34, 
tau = −0.22); (b) Gaussian (par = 0.69, tau = 0.48); (c) survival Clayton (par = 3.48, tau = 0.64); (d) survival Gumbel (par = 1.75, tau = 0.43); (e) independence; (f) 
independence; (g) Joe (par = 1.3, tau = 0.15); (h) independence; (i) survival Gumbel (par = 1.61, tau = 0.38); and (j) survival Clayton (par = 0.61, tau = 0.23).
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NSE values in most stations are greater than 0.6. However, all benchmark models poorly capture the streamflow 
variations of XS and SGK stations with the NSE values ranging from 0.23 to 0.48. This is because the flood 
hydrographs in these two mountainous basins are characterized as sharp raising and falling limbs with high peak 
flows and short durations. Thus, the flood peaks may be considered outliers in streamflow time series, chal-
lenging conventional regression-based models to make reliable predictions. The results available to both JPRR 
and benchmark models are shown in Figures S12 to S15 (training and validation) as well as Figures 8 and S16 
(testing). In Figures 8 and S16, the 50th percentile simulations from JPRR (red dots) generally capture the low 

Figure 8. Streamflow simulations by both joint probabilistic rainfall-runoff model and benchmark models based on the 
testing dataset 1. The box highlighted in red indicates that all models fail to capture the snowmelt-induced flood in the SGK 
station. Discrete values are applied to x-axis ticks, which only show particular days with 3-day rainfall total exceeding the 
95th percentile (starting from the beginning of testing period).
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and high flows. Moreover, the highlighted blue rectangles show that JPRR can capture high and peak flows which 
are underestimated by benchmark models. This is particularly the case for the SGK station, where some largely 
underestimated peak flows (by benchmark models) can be effectively captured by JPRR. Nevertheless, it should 
be noted that JPRR may fail to simulate some peak flows caused by factors other than rainfall. For example, the 
peak flow, highlighted in a red rectangle of Figure 8, is snowmelt-induced (i.e., occurred on April 27), thereby 
posing a challenge to JPRR for performing an accurate simulation.

The modeling performances of JPRR and benchmark models are plotted using the mean evaluation metrics 
(i.e., R 2, KGE, and NSE) for the two testing datasets (Figure 9), with the performance of each testing dataset 
shown in Table S4. In general, the JPRR performances of the two datasets are relatively consistent (Table S4). 
In addition, JPRR achieves the overall (i.e., mean values of all basins being modeled) best performance for all 
evaluation metrics (Figure 9). In particular, the overall KGE value for JPRR is 0.74 compared with 0.52 for RF, 
0.58 for MLP, and 0.54 for LSTM. In fact, the KGE value of JPRR is also the highest for each basin, especially 
for the SGK station where the model performance of JPRR is significantly higher than those of the benchmark 
models. Compared with NSE, KGE is more sensitive to bias (Knoben et al., 2019). The above results suggested 
that JPRR can not only reflect flow variability (i.e., with NSE being higher than those of benchmark models), 
but also maintain lower biases (compared with those of benchmark models). It is worth mentioning that in the 
YJA station, the R 2 and NSE levels of JPRR are slightly lower than those from benchmark models; however, the 

Figure 9. Comparison of model performances using the mean evaluation metrics based on the two testing datasets.

Figure 10. Comparison of high flow (i.e., exceeding 95th flow percentile) performance using the mean PBIAS based on the 
two testing datasets.
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KGE and NSE levels from JPRR still reach 0.77 and 0.71, respectively, indicating acceptable accuracy levels. 
The above exception in JPRR's performance could be attributed to the special surface characteristics of Na River 
Basin, which is a part of China's semi-arid loess plateau, with sparse vegetation cover, intensive evaporation, and 
a thick layer of loess. As a result, the groundwater recharge rate in this basin is much lower than those of other 
basins (Tan et al., 2017). Such a unique hydrological characteristic would be challenging for JPRR, demonstrating 
the necessity for further exploring the effects of groundwater dynamics.

Figure 10 shows the model performance (for the two testing datasets) of the high-to-extreme flows (i.e., 95th 
flow percentile) using PBIAS as the evaluation metric. The results indicate that benchmark models underestimate 
high-to-extreme flows for each basin, whereas JPRR significantly improves the simulation in the SGK station and 
effectively captures the high-to-extreme flows. From the perspective of probabilistic simulation, all flow obser-
vations (for the two testing datasets) lie within 5%–95% confidence intervals of JPRR simulation (Figure 11). 
Benchmark model simulations generally lie within the 5%–50% confidence intervals of JPRR simulation. These 
results suggest that underestimation may occur by conventional ML models, and such an issue may be further 
intensified for alpine basins with a high flow variability.

3.5. Hydrological Inference

JPRR simulation can be interpreted by examining the model's internal components, including the frequency of 
copulas used in each modular model and the BMA weights for each flow interval and modular model. Owing to 
the unique tail dependence properties of each copula family, the frequency of a specific copula used in JPRR can 
be directly associated with the basin characteristics. For instance, the frequency for Frank copula is larger than 
400 for the YJA and ZJG stations, while it is merely larger than 200 for the XS and SGK stations (Figure 12). 
Due to the absence of a tail on either end of its typical scatter plot (as shown in Figure 2), the Frank copula has a 
relatively weak correlation between variables for either low or high values. Such copula may not be helpful for the 
basins with high variations in streamflow (i.e., XS and SGK stations). In comparison, the Gumbel and survival 
Clayton copulas exhibit greater dependence in the right tail than in the left, enabling JPRR to handle extremely 
high values. As indicated in Figure 12, the median frequencies for survival Clayton copulas range from 200 to 
500 for the XS and SGK stations, whereas the frequencies are smaller than 200 for the YJA and ZJG stations. 

Figure 11. Comparison of benchmark model simulations and joint probabilistic rainfall-runoff model (JPRR) probabilistic 
simulations based on the two testing datasets. Note that the red dashed lines represent the simulations with 95% confidence 
intervals from JPRR.
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Certain copulas such as Clayton and survival Joe have been seldomly used in JPRR. These copulas exhibit greater 
dependence in the left tail than in the right, facilitating the low-flow simulation. Since the bias for low flows is 
much smaller than those for high flows, the low-flow simulations are less critical in evaluating high-to-peak flow 
performance. Notably, similar patterns can be observed when comparing copula frequencies between two testing 
datasets. These results indicate that basin characteristics affect the selection of copulas more than model input 
uncertainties.

The BMA weights for each flow interval and modular model demonstrate that no single modular model can 
outperform the others for every flow interval (Figure  13). Each modular model owns unique strengths in 
addressing streamflow extremes. For instance, the second modular model for the SGK station (dataset 1) achieves 
the highest BMA weight for extreme flow (i.e., 99.5th percentile). Meanwhile, this modular model exhibits 

Figure 12. Frequencies of copulas used in joint probabilistic rainfall-runoff model. Note that the boxplots represent the 
variations of copula frequencies among eight modular models. The total number of copula density functions in each modular 
model is 2,000 (i.e., 10 copula density functions for each of 200 vines). Copulas numbered from 1 to 9 indicate independent, 
Gaussian, Clayton, Gumbel, Frank, Joe, survival Clayton, survival Gumbel, and survival Joe copula, respectively.
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smaller BMA weights for the other flow percentiles compared with other modular models. The patterns of the 
BMA weights show high randomness regardless of basin characteristics and input data uncertainties. This is 
because the solutions of BMA weights are non-unique (could be numerous). The different sets of BMA weights 
may lead to the same or similar model performance. Such non-uniqueness of the BMA weights further challenges 
the model inference.

3.6. Streamflow Projection

The evaluation of annual peak daily flows for the period from 2030 to 2099 is based on daily climate projections 
by RegCM under two representative concentration pathways (RCPs) including RCP4.5 and RCP8.5. The prob-
abilistic density functions of annual peak daily flow projection show that JPRR produces larger high flows than 
benchmark models (highlighted as rectangles in Figure 14). The MLP model tends to achieve the lowest annual 

Figure 13. The Bayesian model averaging weights for each modular model and flow interval. The left and right columns 
represent the results from datasets 1 and 2, respectively.
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peak flows among benchmark models. For some extreme flood events, the daily flow rate (m 3/s) generated by 
JPRR can be four to five times higher than those by benchmark models (e.g., 667 m 3/s (JPRR) versus 128 m 3/s 
(RF) versus 146 m 3/s (MLP) versus 151 m 3/s (LSTM) for the YJA station under RCP 4.5 scenario). Due to the 
better performance of peak flow simulations achieved by JPRR against benchmark models for the historical data-
set (Figure 9), we thus have more confidence in JPRR projections.

Generalized extreme value (GEV) distributions were used to fit the annual peak flow projections (from 2030 
to 2099) to evaluate the return periods of flood events. Figure 15 shows that the GEV curves from benchmark 
models either lie below the 5% or within the 5%–50% confidence interval of JPRR. In addition, the benchmark 
models in most basins and scenarios produce relatively flat GEV curves, such as those of RF models for the 
SGK station, as well as the RF and LSTM models for the YJA station (Figure 15). This is mainly due to the 
ineffectiveness of these models to extrapolate beyond historical observations. For instance, some benchmark 
models (e.g., RF model) are only able to produce hydrological extremes within the range of historical observa-
tions. These poorly simulated values can consequently result in a distortion of GEV curves and cause unreal-
istic estimations of return periods. The return periods from such poorly fitted GEV curves can be problematic 
for potential hydrologic design and flood risk management. For instance, considering that a dam downstream 
of SGK station is designed for the 1000-year flood return period, the simulations from RF, MLP, and LSTM 
suggest that the design flood flow could be 20, 23, and 63  m 3/s, respectively (Figure  15). However, these 
design-flood-flows may be at risk of being exceeded by JPRR-fitted one (i.e., 176 m 3/s) by 10.9%, 8.8%, and 
1.0%, respectively.

Figure 14. Probability density functions of annual peak daily flow rate from 2030 to 2099.
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4. Discussion
4.1. Advantages of JPRR

The results from this study have demonstrated that JPRR can effectively address the high and extreme flow 
simulations that are the main shortcoming of many conventional ML models. The advantage of JPRR mainly lies 
in its capacity of addressing the dependence relationships among predictors with various probability distribu-
tions. Thus, the compound events of climatic and high-to-extreme flows can be effectively characterized through 
dependence relationships, leading to reliable simulations. Under changing climatic conditions, the increasing 
frequency and intensity of precipitation and heat waves are expected to result in adverse hydrological conse-
quences in the future (Duethmann et al., 2020; Lu et al., 2019). In this study, the non-stationary change in climate 
was reflected through the RegCM projection results; such RegCM results then became inputs for JPRR. Thus, 
with the JPRR-generated input-output relationships and RegCM results, the effects of climatic non-stationarity on 
high-to-extreme flows can be projected. In comparison, the rainfall-runoff relationships generated from bench-
mark models may face difficulties in capturing the historical high-to-extreme flows, and thus they may become 
less convincing in capturing the future extremes under climate change scenarios.

Another advantage of JPRR lies in its straightforward configuration. Unlike conventional ML models requiring 
many predefined or optimized hyperparameters (e.g., neuron size, learning rate, and activation function used 
in neural networks), JPRR only requires the number of bootstraps replicates. The adequacy of the bootstrap 
replicates is evaluated using a convergence test (Figure 16 and S17). In all of the study basins, the JPRR simu-
lation results are stabilized after 100 bootstrap replicates, implying that 100 would be an adequate number. Our 

Figure 15. Return period estimations based on annual peak daily flow rates for the period from 2030 to 2099.
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experiments also suggest that setting this number to 100 produces identical results compared with setting it to 
200 (i.e., used in this study). It should be aware that the best simulations may be identified for a few bootstrap 
replicates (such as the SGK case in Figure 16); however, such simulations are unreliable because they are heav-
ily affected by the random seeds used for producing replicates. Figure 16 also illustrates that JPRR simulations 
show competitive performance against modular models. For instance, in XS and ZJG basins, JPRR simulations 

Figure 16. Convergence test of joint probabilistic rainfall-runoff model (JPRR) based on dataset 1. Note that the red and gray 
lines represent convergence of JPRR and its modular models.

Figure 17. The baseline performance of the benchmark models (top) and the performance difference of the combined models 
and baseline models (bottom).
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outperform each of the modular model simulations, suggesting that JPRR can 
take advantage of its modular models to better describe various hydrological 
characteristics as reflected through different extremities of flow.

4.2. Comparison Between Benchmark Models and Those Combined 
With JPRR

Different from conventional ML models which generate continuous outputs, 
the proposed JPRR is a rainfall-event-based model, which only generates 
flow outputs on those days with a 3-day rainfall total exceeding its 95th 
percentile. In some cases, daily flow rates for the post-rainfall days are still 
important in assessing the multi-day (e.g., 3-day, 7-day, and 15-day) flood 
volumes because such information can help schedule reservoir discharge and 
design hydrological infrastructures. In these cases, it is necessary to jointly 
implement JPRR with other ML models to produce a continuous streamflow 
series. This is achieved by using the simulations from JPRR to replace the 
corresponding simulations from a conventional ML model. In this study, the 
combined simulation of JPRR and benchmark models significantly improves 
upon the simulations from individual benchmark models (Figure  17). In 
general, the KGE has a greater improvement than R 2 and NSE, either for indi-
viduals or the overall evaluation. In particular, the overall (i.e., basins aver-
age) KGE value improves from 0.62 (RF), 0.68 (MLP) and 0.61 (LSTM) to 
0.76 (RF), 0.77 (MLP) and 0.70 (LSTM). Meanwhile, the overall NSE value 
improves from 0.65 (RF), 0.60 (MLP) and 0.58 (LSTM) to 0.70 (RF), 0.63 
(MLP) and 0.64 (LSTM). It is worth mentioning that the model performance 
for the SGK station improves significantly (e.g., KGEs improve from 0.37, 
0.57, and 0.31 to 0.55, 0.67, and 0.47 for the RF, MLP, and LSTM models, 
respectively). The improved KGE values suggest that the combined simula-
tions have significantly reduced the flow bias. Figure 18 and S18 illustrate 
the combined hydrographs of JPRR and LSTM. The results show that the 
combination method facilitates the LSTM model to capture the high flows 
while maintaining the low and median-flow dynamics.

4.3. Limitations and Opportunities of JPRR

In this study, JPRR has been applied to four pristine basins with different 
climatic and landscape characteristics. Specifically, the Xiangxi, Jie, Na, and 

Daxi basins are characterized by humid mountain forests, semi-humid alpine forests, semi-arid loess plateau, and 
semi-arid hilly forests, respectively. The results demonstrate that JPRR can be potentially generalized to other 
basins of similar characteristics.

Nevertheless, some limitations of JPRR should be noted. First, JPRR failed to capture the snowmelt-induced 
floods at the SGK station (Figure 8) since it might be incapable of representing the impact of temperature on flood 
generation. Future studies should take the consideration of temperature into JPRR for basins where snowmelt-in-
duced floods are considered a major concern. Second, JPRR uses a limited number of predictors, which hinders 
the model to reflect both spatial and temporal variabilities of precipitation in a basin. In this work, the basin-wide 
precipitation was used, which was the average of all meteorological stations over the basin; however, if stream-
flows are significantly influenced by spatial heterogeneity of precipitation (e.g., for large-scale basins), JPRR 
should then be used for modeling each sub-basin and thus the flows of the entire basin can be obtained through 
the routine simulations for river channel flows. From the perspective of temporal variation, the moving-window 
approach was used to reflect initial basin conditions. Even though the default window sizes were intended to 
account for the uncertainties that exist in various basin characteristics, future applications of JPRR may need 
further adjustment if the basin characteristics are significantly different from those involved in this study.

Figure 18. Hydrographs of the combined simulation from joint probabilistic 
rainfall-runoff model and long short-term memory based on the testing dataset 
1.
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It should be noted that non-stationarity due to climate change and other drivers may also affect the generalization 
of JPRR. In this study, historical and projected climatic data for the period from April 1 to September 30 were 
selected for the rainfall-induced flood modeling. However, many studies have indicated that climate change may 
bring forward the time of occurrence of Spring snowmelt in the alpine regions (Broadbent et al., 2021; DeBeer 
et al., 2021; Vorkauf et al., 2021) and extend the rainfall-induced flood seasons (Dettinger, 2011). Future studies 
may consider incorporating physical knowledge, for example, about the dynamics of rainy seasons of each year, into 
the JPRR model to improve its generalizability under conditions not seen in the period of record (Razavi, 2021).

JPRR has demonstrated great potential for high-to-extreme flow simulations in this study. In fact, by taking 
advantage of streamflow persistence (i.e., streamflow values at time t are usually highly correlated with those at 
time t + 1), the approach of JPRR looks promising also for short-term (e.g., multi-step ahead) forecasting. The 
JPRR forecasting function could be similar to many persistence-based regression models which predict future 
time steps of streamflow based on current and past ones, as well as climatic data (Ghimire & Krajewski, 2020; 
Leedal et al., 2013; Palash et al., 2018; Shahzad & Plate, 2014).

5. Conclusion
This study proposed JPRR for addressing the high-to-extreme flow projection under changing climatic condi-
tions. JPRR was compared with three well-known benchmark models for four pristine basins with different 
climatic and landscape characteristics. The results show that JPRR significantly outperforms three conventional 
ML models in high-to-extreme flow simulations. The statistical summaries (i.e., frequencies of copulas) of the 
model internal component suggest that copulas exhibiting right tail dependence play an important role in flow 
simulations at alpine basins. Streamflow projections for the period from 2030 to 2099 indicate a significant 
difference between the projections derived from JPRR and benchmark models. Given the better performance of 
JPRR against benchmark models for the historical dataset, JPRR could be a promising tool for evaluating hydro-
logical extremes under climate change.

This study is the first attempt to use PCCs to build a rainfall-runoff model for high-to-extreme flow projections 
in a changing climate. Previous assessments of climate change's impact on streamflows have been mostly done 
by physics-based models (Chawla & Mujumdar, 2018; Gaur et al., 2021; Harding et al., 2012; Su et al., 2017; Wi 
et al., 2015). Even though attempts have been made by ML models over the past decades (Das & Nanduri, 2018; 
Ren et al., 2018), simulating hydrological extremes has remained a major challenge. In such a context, JPRR 
could not only be a valuable complement to the existing ML models but also be a solid alternative (or reference) 
to process-based models, particularly under changing climatic conditions.

Data Availability Statement
The climatic data are available on the data repository of the China meteorological data service center (http://
data.cma.cn/en). JPRR code and a simple example can be accessed from the Zenodo repository (https://doi.
org/10.5281/zenodo.6471281).
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