
1. Introduction
Understanding regional hydrologic responses to changing climate is vital for effective water resources planning 
and risk assessment of water-related hazards (Gudmundsson et al., 2021; B. Zhang et al., 2021; Zscheischler 
et al., 2020). Thus, improving hydroclimatic projections plays a crucial role in supporting decision-making by 
policymakers and stakeholders, also fostering actions to reduce potential risks and impacts on water resources 
under current and future climate conditions. Hydrologic prediction systems driven by regional climate models 
have been routinely used to assess future changes in catchment-scale hydrologic regimes in a warming climate, 
which has attracted widespread attention from the hydroclimate community in recent years (Anghileri et al., 2016; 
Kurkute et al., 2020; Musselman et al., 2018; You & Wang, 2021).

Physically based hydrologic models are an essential tool for assessing hydrologic regimes in response to climate 
change, but they are subject to a variety of uncertainties, such as those in model parameters, thereby resulting in 
inevitable uncertainties in hydroclimatic projections (Qing et al., 2022; Tran et al., 2020; B. Zhang et al., 2019; 
S. Wang et al., 2018; S. Wang & Wang, 2019). Over the past decade, tremendous efforts have been devoted to 
addressing uncertainties in hydrologic model parameters (Laloy et al., 2013; H. Li & Zhang, 2007; Moradkhani 
et al., 2005; Vrugt, 2016). Monte Carlo (MC) simulation is one of the most widely used uncertainty analysis 
techniques but is quite time-consuming since a great number of model simulations are required for accurate 
estimates (Maina & Siirila-Woodburn, 2020; Tran et al., 2020; J. Zhang et al., 2020). To overcome this problem, 
a simpler representation of physical models has been investigated through various surrogate techniques (Bass 
& Bedient, 2018; Razavi et al., 2012; Viana et al., 2021), among which polynomial chaos expansion (PCE) has 
gained popularity due to its ability to efficiently estimate the effects of parameter uncertainty on model outputs 
(Hu et al., 2019; Man et al., 2019; H. Wang et al., 2020). PCE acts as a computationally efficient surrogate model 
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in which the variability of the output is represented by the ensemble of the expansion coefficient. However, one of 
the main limitations of PCE is that the time-variant PCE coefficients are estimated based on observations at each 
time step for a dynamical system, indicating that PCE cannot be used for hydrologic predictions for future periods 
without observations (Dai et al., 2016; Fan et al., 2016; Liao & Zhang, 2016; Lin & Tartakovsky, 2009; Torre 
et al., 2019). Little effort has been devoted to improving PCE for implementing future hydrologic predictions. In 
recent years, deep neural networks (DNNs) have been attracting extensive attention in the hydroclimate commu-
nity due to their predictive power and portability (Ghaith & Li, 2020). Since the time-dependent PCE coefficients 
determine the model outputs of interest, adopting DNNs to predict PCE coefficients based on hydro climate vari-
ables generated from climate models can lead to efficient probabilistic hydrologic predictions. It is thus desired 
to develop a DNN-based PCE framework for improving the efficiency of probabilistic hydrologic predictions 
without compromising physical representations.

All physically based distributed models are the simplified representation of complex physical processes involved 
in the hydrologic cycle (Yan et al., 2020). Hydrologic projections generated from a single model inevitably become 
inaccurate and unreliable due to assumptions in the model conceptualization (W. J.M. Knoben et al., 2020; Krys-
anova et al., 2017; Melsen et al., 2018). To address this issue, multi-model hydrologic predictions are commonly 
assembled through various techniques to reduce model structural uncertainty (Bohn et al., 2010; Duan et al., 2007; 
Kollet et al., 2017; W. Li & Sankarasubramanian, 2012; Madadgar & Moradkhani, 2014; S. Sharma et al., 2019). 
Bayesian model averaging (BMA) is one of the most widely used approaches to combining an ensemble of 
hydrologic predictions (Biondi & Todini, 2018; Raftery et al., 2005; Vrugt & Robinson, 2007). BMA builds a 
weighted average of probability density functions (PDFs) centered on the bias-corrected predictions from a set of 
individual models (Olson et al., 2016; B. Zhang & Wang, 2021). However, the conditional PDF of each model is 
commonly assumed to follow a normal or gamma distribution in BMA, which may be invalid for hydrologic vari-
ables typically with substantial skewness (Blum et al., 2017; Madadgar & Moradkhani, 2014). The vine copula 
is a flexible and powerful approach to assessing complex interactions among multiple hydroclimatic variables 
without an assumption on the type of marginal probability distributions (AghaKouchak et al., 2014; Bevacqua 
et al., 2017; Gruber & Czado, 2018; Liu et al., 2018; Sadegh et al., 2017; C. Sun et al., 2021). However, little 
effort has been devoted to using the flexible structures of vine copula for improving the multi-model combination. 
Therefore, a vine copula-based multi-model ensemble approach is needed to implement a flexible combination of 
multiple model outputs for improving the accuracy and reliability of ensemble hydrologic predictions.

In addition to hydrologic predictions, high-resolution climate simulations with an acceptable accuracy are equally 
vital for projecting future changes in catchment-scale hydroclimatic regimes. Unfortunately, existing hydrocli-
matic projections are often conducted based on regional climate models (RCMs) with a horizontal grid spacing 
of 10–50 km, which rely on convection parameterization schemes, leading to substantial errors in regional hydro-
climatic simulations (Olson et al., 2016; Zhu et al., 2019). The intermodel spread of climate sensitivity primar-
ily arises from the poor representation of convection and related processes in RCMs (Becker & Wing, 2020). 
To address this issue, convection-permitting climate simulations with explicitly resolve deep convection have 
attracted increasing attention in recent years, which can provide added values to simulated precipitation which 
is one of the most important variables influencing hydrologic behavior (Giorgi, 2019; Prein et al., 2017; Qing & 
Wang, 2021). It is thus necessary to assess hydrologic regimes in response to climate change at a convection-per-
mitting scale.

To address the aforementioned limitations of previous studies, we develop a vine copula-based polynomial chaos 
framework for robustly improving multi-model projections of hydroclimatic regimes over the Guangdong-Hong 
Kong-Macao Greater Bay Area (GBA). Specifically, a DNN-based PCE is developed for enabling PCE to effi-
ciently implement probabilistic hydrologic predictions for future periods without hydrologic observations. A vine 
copula multi-model ensemble approach is proposed to perform a flexible combination of outputs from multiple 
DNN-based PCE models for improving the accuracy of ensemble hydrologic predictions. Convection-Permitting 
Weather Research and Forecasting (WRF) simulations are also conducted to further improve the reliability of 
assessing regional hydrologic response to the changing climate over the Dongjiang River Basin of China's GBA 
which is highly vulnerable to water-related hazards induced by climate change.

The paper is organized as follows. Section  2 describes the vine copula-based polynomial chaos framework 
(see Figure 1), models, algorithms, performance metrics, and data sets used in this study. Section 3 presents 
a thorough analysis and discussion on the evaluation of multi-model stochastic hydrologic predictions and 
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convection-permitting climate simulations as well as the projected future changes in hydrologic regimes. 
Section 4 discusses the results and examines the contribution of PCE-based hydrologic model parameters and 
structures to the overall uncertainty in streamflow projection. Finally, Section 5 summarizes our study and high-
lights the main findings.

2. Methods and Data Sources
2.1. Deep Neural Network-Based Polynomial Chaos Expansion (PCE)

A DNN-based PCE is developed in this study for improving probabilistic daily streamflow predictions at two 
gauging stations located in the Dongjiang River Basin (see Figure 2). To quantify the uncertainty of physically 
based hydrologic models, model outputs can be numerically approximated based on the concept of PCE, origi-
nally proposed by Wiener (1938), as an orthogonal polynomial expression of a predefined random variable ξ by

𝑅𝑅(𝑡𝑡𝑡 𝑡𝑡) = �̂�𝑅0(𝑡𝑡) +

∞
∑

𝑖𝑖1=1

�̂�𝑅𝑖𝑖1 (𝑡𝑡)Γ1

(

𝑡𝑡𝑖𝑖1

)

+

∞
∑

𝑖𝑖1=1

𝑖𝑖1
∑

𝑖𝑖2=1

�̂�𝑅𝑖𝑖1𝑖𝑖2 (𝑡𝑡)Γ2

(

𝑡𝑡𝑖𝑖1 𝑡 𝑡𝑡𝑖𝑖2

)

+ ... (1)

Figure 1. Schematic of the vine copula-based polynomial chaos framework that integrates the deep neural network-based polynomial chaos expansion with the vine 
copula multi-model ensemble approach. The “Meteo” represents meteorological variables. Soil and water assessment tool (SWAT) and variable infiltration capacity 
(VIC) hydrologic models are used to develop polynomial chaos expression (PCE)-based surrogate models, in which the PCE coefficients are estimated through deep 
neural networks (DNNs) for future periods without observations. Model outputs from two DNN-based PCE models are combined through the conditional vine copula to 
generate ensemble predictions.
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where �̂�𝑅0 (𝑡𝑡), 𝐴𝐴 �̂�𝑅𝑖𝑖1 (𝑡𝑡) , and 𝐴𝐴 �̂�𝑅𝑖𝑖1𝑖𝑖2 (𝑡𝑡) represent the unknown PCE coefficients to be estimated at time t; R(t, ξ) repre-
sents the model outputs at time t; ξ = {ξ1, ξ2,…, ξN} T is a vector of standard normal random variables with zero 

mean and unit variance; Γ𝑑𝑑

(

𝜉𝜉𝑖𝑖1 , ..., 𝜉𝜉𝑖𝑖𝑑𝑑

)

 are Hermite polynomials representing the variation of model outputs in 

the uncertainty space, which can be expressed as

Γ𝑑𝑑

(

𝜉𝜉𝑖𝑖1 ,…, 𝜉𝜉𝑖𝑖𝑑𝑑

)

= (−1)
𝑑𝑑
𝑒𝑒

1

2
𝜉𝜉𝑇𝑇 𝜉𝜉 𝜕𝜕𝑑𝑑

𝜕𝜕𝜉𝜉𝑖𝑖1⋯𝜕𝜕𝜉𝜉𝑖𝑖𝑑𝑑
𝑒𝑒−

1

2
𝜉𝜉𝑇𝑇 𝜉𝜉 (2)

To simplify the polynomial in Equation 1, the output of hydrologic models can be approximated as

𝑅𝑅(𝑡𝑡𝑡 𝑡𝑡) =

𝑃𝑃
∑

𝑗𝑗=0

�̂�𝑅𝑗𝑗(𝑡𝑡)𝜓𝜓𝑗𝑗(𝑡𝑡) (3)

where there is a one-to-one correspondence between functions Γd (𝐴𝐴 𝐴𝐴𝑖𝑖1 ,…,𝐴𝐴 𝐴𝐴𝑖𝑖𝑑𝑑 ) and ψj (ξ). P represents the total 
number of PCE terms, which is a function of the PCE order (d) and the dimensionality N as

𝑃𝑃 =
(𝑁𝑁 + 𝑑𝑑)!

𝑁𝑁!𝑑𝑑!
 (4)

A second-order PCE is commonly used in hydrologic simulations and has been demonstrated to generate reliable 
outputs (Maina & Siirila-Woodburn, 2020; Tran et al., 2020; J. Zhang et al., 2020), which can be written as

Figure 2. (a) The three nested WRF model domains (D01, D02, and D03) with horizontal grid spacings of 36, 12, and 4 km, respectively. (b) Pearl River Basin and (c) 
Dongjiang River Basin. WRF = Weather Research and Forecasting.
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𝑅𝑅(𝑡𝑡𝑡 𝑡𝑡) = �̂�𝑅0(𝑡𝑡) +

𝑁𝑁
∑

𝑖𝑖=1

�̂�𝑅𝑖𝑖(𝑡𝑡)𝑡𝑡𝑖𝑖 +

𝑁𝑁
∑

𝑖𝑖=1

�̂�𝑅𝑖𝑖𝑖𝑖(𝑡𝑡)
(

𝑡𝑡2𝑖𝑖 − 1
)

+

𝑁𝑁
∑

𝑖𝑖=1

𝑖𝑖−1
∑

𝑗𝑗=1

�̂�𝑅𝑖𝑖𝑗𝑗(𝑡𝑡)𝑡𝑡𝑖𝑖𝑡𝑡𝑗𝑗 (5)

The basic idea of a PCE-based surrogate model is to use Equation 5 to construct the relationship between random 
variables ξ and stochastic outputs R at each time step. Since physically based hydrologic models have a large 
number of parameters, it is desired to only retain the parameters highly sensitive to the model output (Gonçalves 
et al., 2016; X. Sun et al., 2018). Sensitivity analysis can thus be performed to select n most sensitive parameters 
θ = {θ1, θ2,…, θn} T. θ is commonly assumed to follow a uniform distribution and can then be transformed from 
the uniform space into the standard normal space ξ through Equation 6.

𝜉𝜉𝑖𝑖 =
√

2erf
−1

(

2(𝜃𝜃𝑖𝑖 − 𝑎𝑎𝑖𝑖)

𝑏𝑏𝑖𝑖 − 𝑎𝑎𝑖𝑖
− 1

)

 (6)

where ai ≤ θi ≤ bi represents the range of the ith uncertain parameter (Isukapalli, 1999). The erf −1 represents the 
inverse error function.

The PCE-based hydrologic simulations can be generated if the unknown coefficients 𝐴𝐴 �̂�𝑅𝑗𝑗 (t) are accurately esti-
mated. The probabilistic collocation method is commonly used for estimating PCE coefficients, in which model 
outputs at a set of selected collocation points are approximated as an orthogonal polynomial in terms of random 
variables. Thus, it is necessary to select a set of collocation points and to obtain the corresponding model simu-
lation results. A standard collocation technique is to specify the collocation points as combinations of the roots 
of the polynomial of one degree higher than the order of the given PCE. For a two-dimensional second-order 
PCE,  the collocation points are selected from the three roots (−𝐴𝐴

√

3 , 0, and 𝐴𝐴
√

3 ) of the third-order Hermite poly-
nomial H3(ξ) = ξ 3 − 3ξ. The available collocation points are (0, 0), (−𝐴𝐴

√

3 , 0), (0, −𝐴𝐴
√

3 ), (0, 𝐴𝐴
√

3 ), (𝐴𝐴
√

3 , 0), (𝐴𝐴
√

3 , 
𝐴𝐴

√

3 ), (−𝐴𝐴
√

3 , −𝐴𝐴
√

3 ), (−𝐴𝐴
√

3 , 𝐴𝐴
√

3 ), and (𝐴𝐴
√

3 , −𝐴𝐴
√

3 ). Thus, the model simulations can be performed by specify-
ing parameter values corresponding to the collocation points. However, an N-dimensional PCE of order d has 
(d + 1) N collocation points but only P unknown coefficients, as shown in Equation 4, indicating that the number 
of available collocation points increases exponentially as dimension N increases. All the available collocation 
points are used in the standard collocation technique, which is time-consuming for the high-dimensional PCE. 
To alleviate the computation burden of the standard collocation technique and to ensure the degree of accuracy, 
Isukapalli (1999) proposed a regression-based collocation method, which requires fewer number of sample points 
to effectively capture the behavior of hydrologic models. The regression-based method was used in this study to 
estimate the unknown coefficients in PCE.

The PCE coefficients are time-variant and are estimated based on hydrologic observations, indicating that the 
coefficients are not available for future periods without observations and thus the PCE model fails to predict the 
future streamflow. To address this issue, the time-variant PCE coefficients are assumed to be related to the mete-
orological forcing variables (e.g., precipitation and temperature), and such a relationship can be characterized by 
deep neural networks (DNNs) and remain valid in the future. The input and output of DNNs are meteorological 
variables and PCE coefficients, respectively (see Figure  1 and the “Meteo” represents meteorological varia-
bles). Such an assumption enables efficient PCE-based hydrologic predictions by using well-calibrated DNNs to 
predict PCE coefficients for future periods without observations, even though the predicted PCE coefficients may 
not completely represent the behavior of hydrologic models.

To develop the DNN-based PCE for stochastic hydrologic predictions over the Dongjiang River Basin, we 
selected two widely used physically based hydrologic models, including the Variable Infiltration Capacity (VIC) 
model version 4 (Liang et al., 1994) and the Soil and Water Assessment Tool (SWAT) model (Arnold et al., 1998) 
(see Figure 1). Details on model setups are provided in Text S1 in Supporting Information S1. To develop the 
PCE-based surrogates for the two hydrologic models, the five most sensitive parameters were selected for each 
model based on sensitivity analyses (see the sensitivity analysis results in Figures S1 and S2 in Supporting 
Information S1 for the SWAT and VIC models, respectively) and previous studies (Ghaith & Li,  2020; Gou 
et  al.,  2020). Details on the parameter selection are provided in Text S2 in Supporting Information S1. Two 
five-dimensional second-order PCE-based surrogates were developed in this study for VIC and SWAT models, 
leading to two DNN-based PCE models, namely SWAT-PCE and VIC-PCE. The DNN-based PCE models were 
applied to predict daily discharges of the Longchuan and Boluo gauging stations, respectively (Figure 2c) for the 
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past and future periods. To estimate PCE coefficients for PCE-based hydrologic predictions, a 10-layer, the fully 
connected artificial neural network was constructed to relate PCE coefficients with areal mean daily maximum 
and minimum temperature, as well as 1-, 2-, 3-, 4-, 5-, 6-, 8-, 10-, 15-, 20-, 25-, 30-, 45-, 182 60-, 75-, and 90-day 
cumulative precipitation for the upstream contributing area since these variables are the dominant meteorological 
factors influencing catchment hydrologic characteristics (Ghaith & Li, 2020).

2.2. Vine Copula Multi-Model Ensemble Approach

As a single DNN-based PCE model is inadequate for reliable hydrologic predictions due to model structural 
uncertainty, the outputs from multiple DNN-based PCE models are expected to be combined to address the 
uncertainty in model structures for improving the reliability of hydrologic predictions. To this end, a vine copula 
multi-model ensemble approach is developed based on regular vine copulas to construct a joint PDF of stream-
flow time series generated from multiple hydrologic predictions and observations. The basic idea of this approach 
is to implement repeated conditional sampling from the well-calibrated vine copula given the predicted stream-
flow, thus generating multi-model ensemble predictions. Assume that r = (r1,…, rn−1, rn) signifies streamflow 
predictions generated from n−1 models and the corresponding observation. The joint PDF between predictions 
(r1,…, rn−1) and the observation rn can be expressed as

𝑝𝑝 (𝑟𝑟1, ..., 𝑟𝑟𝑛𝑛−1, 𝑟𝑟𝑛𝑛) = 𝑝𝑝1 (𝑟𝑟1) ⋅ ... ⋅ 𝑝𝑝𝑛𝑛−1 (𝑟𝑟𝑛𝑛−1) ⋅ 𝑝𝑝𝑛𝑛 (𝑟𝑟𝑛𝑛) ⋅ 𝑐𝑐 (𝑢𝑢1, ..., 𝑢𝑢𝑛𝑛−1, 𝑢𝑢𝑛𝑛) (7)

where pi(ri) represents the marginal PDF and ui represents the marginal cumulative probability, i = 1,…, n; c 
represents the copula density. Since c(u1,…, un−1, un) are inflexible in high dimensions and the high-dimensional 
copula families are limited, vine copula, also known as pair-copula construction (PCC), has been proposed to 
graphically represent Equation 7 as vines comprising a nested set of trees with nodes that are joined by edges 
(Bedford & Cooke, 2002). The canonical vine (C-vine) and the drawable vine (D-vine) are two special regular 
vines and are also the most widely used decompositions. Equation 7 can be decomposed through the C-vine and 
D-vine copulas as Equations 8 and 9, respectively.

𝑝𝑝 (𝑟𝑟1, ..., 𝑟𝑟𝑛𝑛−1, 𝑟𝑟𝑛𝑛) =

𝑛𝑛
∏

𝑘𝑘=1

𝑝𝑝𝑘𝑘 (𝑟𝑟𝑘𝑘)

𝑛𝑛−1
∏

𝑗𝑗=1

𝑛𝑛−𝑗𝑗
∏

𝑖𝑖=1

𝑐𝑐𝑗𝑗,𝑗𝑗+𝑖𝑖|1,...,𝑗𝑗−1 {𝑃𝑃 (𝑟𝑟𝑗𝑗|𝑟𝑟1, ..., 𝑟𝑟𝑗𝑗−1) , 𝑃𝑃 (𝑟𝑟𝑗𝑗+𝑖𝑖|𝑟𝑟1, ..., 𝑟𝑟𝑗𝑗−1)} (8)

𝑝𝑝 (𝑟𝑟1, ..., 𝑟𝑟𝑛𝑛−1, 𝑟𝑟𝑛𝑛) =

𝑛𝑛
∏

𝑘𝑘=1

𝑝𝑝𝑘𝑘 (𝑟𝑟𝑘𝑘)

𝑛𝑛−1
∏

𝑗𝑗=1

𝑛𝑛−𝑗𝑗
∏

𝑖𝑖=1

𝑐𝑐𝑖𝑖,𝑖𝑖+𝑗𝑗|𝑖𝑖+1,...,𝑖𝑖+𝑗𝑗−1 {𝑃𝑃 (𝑟𝑟𝑖𝑖|𝑟𝑟𝑖𝑖+1, ..., 𝑟𝑟𝑖𝑖+𝑗𝑗−1) , 𝑃𝑃 (𝑟𝑟𝑖𝑖+𝑗𝑗|𝑟𝑟𝑖𝑖+1, ..., 𝑟𝑟𝑖𝑖+𝑗𝑗−1)} (9)

where P(·|·) represents the conditional cumulative probability. If hydrologic predictions from two models are 
combined, the joint density between the predictions (r1, r2) and the observation (ro) can be decomposed through 
a 3-dimensional vine copula as

𝑝𝑝 (𝑟𝑟1, 𝑟𝑟2, 𝑟𝑟𝑜𝑜) = 𝑝𝑝 (𝑟𝑟1) ⋅ 𝑝𝑝 (𝑟𝑟2) ⋅ 𝑝𝑝 (𝑟𝑟𝑜𝑜) ⋅ 𝑐𝑐 (𝑢𝑢1, 𝑢𝑢2, 𝛼𝛼1,2) ⋅ 𝑐𝑐 (𝑢𝑢1, 𝑢𝑢𝑜𝑜, 𝛼𝛼1,𝑜𝑜) ⋅

𝑐𝑐 (ℎ (𝑢𝑢2, 𝑢𝑢1, 𝛼𝛼1,2) , ℎ (𝑢𝑢𝑜𝑜, 𝑢𝑢1, 𝛼𝛼1,𝑜𝑜) , 𝛼𝛼2,𝑜𝑜|1)
 (10)

where the ℎ-function is the conditional distribution function (see details in Text S3 in Supporting Informa-
tion S1); α1,2, α1,o, and α2,o|1 represent the parameters of bivariate copulas. There are multiple vine copula struc-
tures to decompose p(r1, r2, ro), the number of which grows exponentially with the number of variables. Thus, we 
use the sequential maximal spanning tree algorithm proposed by Diβmann et al. (2013) along with the Akaike 
information criterion (AIC) to identify an appropriate structure. When the vine structure is determined, a condi-
tional cumulative distribution function (CDF) of ro can be constructed by recursively applying the h-function:

𝑃𝑃 (𝑟𝑟𝑜𝑜|𝑟𝑟1, 𝑟𝑟2) =
𝜕𝜕𝜕𝜕𝑜𝑜,2|1 (𝑃𝑃 (𝑟𝑟𝑜𝑜|𝑟𝑟1) , 𝑃𝑃 (𝑟𝑟2|𝑟𝑟1))

𝜕𝜕𝑃𝑃 (𝑟𝑟2|𝑟𝑟1)
= ℎ

[

ℎ (𝑢𝑢𝑜𝑜, 𝑢𝑢1, 𝛼𝛼1,𝑜𝑜) , ℎ (𝑢𝑢2, 𝑢𝑢1, 𝛼𝛼1,2) , 𝛼𝛼2,𝑜𝑜|1
]

 (11)

Thus, the inverse form of Equation 11 can be used to combine multi-model hydrologic predictions for generating 
probabilistic ensemble predictions:

�̂�𝑟𝑜𝑜 = 𝑓𝑓 (𝑟𝑟1, 𝑟𝑟2, 𝜏𝜏) = 𝑃𝑃𝑜𝑜
−1
{

ℎ−1
(

ℎ−1 (𝜏𝜏|ℎ (𝑃𝑃2 (𝑟𝑟2) |𝑃𝑃1 (𝑟𝑟1) , 𝛼𝛼1,2) , 𝛼𝛼2,𝑜𝑜|1) |𝑃𝑃1 (𝑟𝑟1) , 𝛼𝛼1,𝑜𝑜
)}

, 𝜏𝜏 ∈ (0, 1) (12)
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where τ represents random probability levels (e.g., τ  =  0.01, 0.1,…, 0.99); P represents marginal CDFs. To 
achieve reliable model results, MC simulations are used to generate multiple (e.g., 500) samples of τ from the 
uniform distribution U(0, 1), leading to multiple realizations of ro. The median values of these realizations are 
obtained as hydrologic predictions, and the uncertainty intervals can be also derived.

To improve hydrologic predictions over the Dongjiang River Basin, the vine copula multi-model ensemble 
approach was used to combine model outputs from two DNN-based PCE models (see Section  2.1). In this 
approach, vine copula is used to construct a joint PDF of the streamflow generated from the observation and two 
PCE-based models for the past period, as shown in Equation 10. Since vine copula builds a multidimensional 
relationship between the two predictions and the observation in probability space, it is crucial to select appropriate 
univariate CDFs to convert the two predictions and the observation into uniform variables on the interval [0, 1]. 
Thus, a total of 9 probability distributions were examined, including gamma, log-normal, log-logistic, Gumbel, 
generalized extreme value (GEV), generalized Pareto (GP), log-gamma, generalized gamma, and four-parameter 
kappa (kappa4) distributions. The optimal marginal distribution was identified using the Kolmogorov-Smirnov 
(K-S) test, while the corresponding distribution parameters were estimated by the maximum likelihood method. 
Results indicate that the kappa4 distribution was selected for most cases except for the observation over the 
Boluo station at which the observation was fitted to the generalized gamma distribution (see results in Table 
S4 in Supporting Information S1). The Q-Q plots also indicate that the selected distributions are an appropriate 
choice (see Figure S3 in Supporting Information  S1). The bivariate copula families considered in this study 
include Gaussian, Student t, Clayton, Gumbel, and Frank. To assess the robustness of the proposed approach, 
it is necessary to perform a quantitative comparison with previous approaches. BMA is one of the most widely 
used multi-model combination techniques in the hydroclimate community and is thus selected as the comparative 
benchmark (Raftery et al., 2005; B. Zhang & Wang, 2021). The selected BMA includes the normal and gamma 
BMA approaches that approximate the predictive PDFs by normal and gamma BMA distributions, respectively.

2.3. Vine Copula-Based Polynomial Chaos Framework

To integrate the DNN-based PCE with the vine copula multi-model ensemble approach, we propose a vine copu-
la-based polynomial chaos framework to perform reliable and efficient multi-model hydrologic predictions, with 
the computational procedure described step by step as follows.

1.  Select n sensitive parameters θ = {θ1, θ2,…, θn} for each hydrologic model and determine their parameter 
ranges.

2.  Determine sample points of 𝝃𝝃 = {ξ1, ξ2,…, ξn} using the regression-based collocation method and transform 
the sample points into the uniform space using the inverse of Equation 6.

3.  Specify the sample points generated from step 2 as the parameter values of hydrologic models and obtain the 
corresponding time series of simulated streamflow R for each hydrologic model.

4.  Estimate PCE coefficients 𝐴𝐴 �̂�𝑅𝑗𝑗 (t) for each time step t through the Hermite polynomials in Equation 3 based on 
the simulated streamflow Rt.

5.  Develop a multiple-layer (e.g., 10-layer), fully connected artificial neural network (ANN) to build relation-
ships between PCE coefficients and climate variables (e.g., precipitation and temperature) for the past period. 
Then use the climate variables for the future period as inputs of the well-calibrated ANN to predict PCE 
coefficients for the future period.

6.  Select the marginal distribution of PCE-simulated and observed streamflow for the past period. Then construct 
a conditional distribution of observed streamflow given the simulated streamflow through vine copula (see 
Section 2.2).

7.  Generate n independent samples {ξ1, ξ2,…, ξn} of size m (e.g., 2,000) from the standard normal distribution. 
Then use PCE coefficients generated from step 5 and the n normal vectors {ξ1, ξ2,…, ξn} as inputs of Equa-
tion 5 to perform PCE-based hydrologic projections for the future period.

8.  Transform the predicted streamflow for the future period generated from step 7 into uniform variables u 
using the selected marginal distribution in step 6. Then perform repeated sampling from the well-calibrated 
conditional vine copula in step 7 by specifying u as a conditioning variable, generating multi-model ensemble 
predictions for the future period.
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2.4. Performance Metrics

To evaluate the PCE-based hydrologic prediction and the vine copula multi-model ensemble approach, five 
performance metrics are used, including reliability, sharpness, bias, efficiency, and a probabilistic scoring rule, 
continuously ranked probability score (CRPS). Reliability represents the consistency between the predictive 
distribution and observations and is assessed using the reliability metric of Evin et al. (2014), which quantifies 
the departure of the predictive quantile-quantile plot from the uniform distribution (Thyer et al., 2009). Sharp-
ness, that is, the spread of the ensemble prediction members, is quantified as the ratio of the 90% limits of the 
predicted streamflow distribution and the 90% limits of the climatological streamflow distribution. Bias is the 
ratio of the mean streamflow generated from predictions and observations. CRPS is used to assess the overall 
performance since it addresses reliability and sharpness simultaneously, and the overall performance is expressed 
as a skill score (CRPSS) of the predictive distribution relative to the climatological streamflow distribution (Hers-
bach, 2000). The efficiency is indicated by the total time taken to complete 2,000 simulation runs. Note that the 
lower the reliability, sharpness, and efficiency metrics, the better the model prediction. The higher the CRPSS 
value, the better the model prediction. The closer to 1 the bias metric, the better the model prediction. More 
details of the performance metrics are provided in Text S5 in Supporting Information S1.

2.5. Uncertainty Decomposition

Since two DNN-based PCE models were used to project future changes in the streamflow regimes, an ANOVA-
based variance decomposition method was used to partition the total ensemble uncertainty in the projected 
changes of streamflow regimes into two components including the PCE model parameter and structure. In this 
study, the total ensemble uncertainty is specified as the variance of the climate change signal in the mean annual 
cycle of streamflow and different streamflow quantiles. Although the SWAT and VIC models have different 
parameters, the parameters of PCE models developed in this study are the same, that is, five random variables 
sampled from the standard normal distribution. Since 2,000 simulations were performed through random param-
eter sampling using the SWAT- and VIC-based PCE models separately, there are a total of 4,000 (2,000 parameter 
sets × 2 model structures) model combinations. Thus, a two-factor (parameter and structure) ANOVA model was 
constructed to split the total sum of the squares (SST) into sums of squares (SS) due to the individual effects and 
their interaction as

SST = SSs + SSp + SSsp (13)

where SSs and SSp represent the SS due to the effects of structures and parameters of the PCE models, respec-
tively; SSsp represents the SS due to the combined effects of structures and parameters of the PCE models. It 
should be noted that the interaction among five parameters of PCE models is not quantified in this study because 
the parameters are assumed to be independent. Such a method can provide estimates of the fraction of the total 
uncertainty attributable to each source, expressed as the variance fraction η 2. Values of 0 and 1 for η 2 represent a 
contribution of 0% and 100% to the total ensemble uncertainty, respectively. Details of the ANOVA-based vari-
ance decomposition method are provided in Text S6 in Supporting Information S1.

2.6. Multi-Decadal Convection-Permitting Climate Modeling

To generate high-resolution climate information for projecting future changes in hydrologic regimes, the WRF 
model was used to perform multi-decadal convection-permitting climate projections over the GBA. The model 
configuration follows a two-way triple nesting setup with the outer two domains consisting of simulations with 
parameterized convection (D01 and D02), and the innermost domain of a simulation with the parameterization 
of deep convection switched off (D03), as shown in Figure 2a. The outermost domain D01 covers a large part of 
China with 68 × 56 grid points at a 36 km resolution, while the nested domain D02 is resolved at a 12-km grid 
spacing (138 × 96 grid points). The innermost domain D03 covers the GBA at a 4-km grid spacing (216 × 171 
grid points). The vertical direction is discretized using 21 stretched model levels topped at 50 hPa. Details of the 
parameterization schemes used in the WRF simulations are provided in Text S4 in Supporting Information S1.

Convection-permitting simulations were separately conducted for the historical (1980–2005) and future (2074–
2099) periods to assess climate change impacts on regional hydroclimatic regimes. The historical simulation 
was forced by the European Center for Medium Range Weather Forecasting (ECMWF) reanalysis product, 
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ERA-Interim, which has a 6-hr temporal resolution and a 0.75° × 0.75° spatial resolution (Dee et al., 2011). 
The future projection was forced with the ERA-Interim reanalysis consecutively perturbed using the Pseu-
do-Global Warming (PGW) technique and global climate model (GCM) ensembles (Y. Li et al., 2019; S. Wang 
& Wang, 2019). In the PGW method, the future force was given by the combination of reanalysis data and a 
perturbated estimation from a 30-year ensemble of 10 GCMs from the Coupled Model Intercomparison Project 
Phase 5 (CMIP5) under the Representative Concentration Pathway 8.5 (RCP8.5) (Equation 14) since a 30-year 
period is needed to examine extremes within a climate system (Jing et al., 2019).

PGWforcing = ERA − Interim + (CMIP52071−2100 − CMIP51976−2005) (14)

The perturbed physical fields include temperature, geopotential, specific humidity, horizontal wind, sea surface 
temperature, sea level pressure, and soil temperature. The use of the PGW technique overcomes the substan-
tial inter-model variability among GCMs and greatly reduces the computational cost by avoiding a continuous 
simulation spanning a century (Y. Li et al., 2019). The 10 GCMs were selected based on their performance in 
reproducing the historical climate over China (Chen & Frauenfeld, 2014; Jiang et al., 2015), and their details are 
provided in Table S1 in Supporting Information S1.

2.7. Data Sources

The MSWEP V2 (Multi-source weighted-Ensemble Precipitation, version 2) 0.1° daily-precipitation product was 
used to evaluate the WRF-simulated precipitation in South China over the historical period, while the ERA5-
Land 0.1° reanalysis product was used to evaluate the simulations of daily maximum and minimum temperatures 
(Beck et al., 2019; Hersbach et al., 2020). The meteorological forcing data of the SWAT and VIC hydrologic 
models were collected from the MSWEP and ERA5-Land products as well as the in-situ observations (Figure 2c). 
Details of the meteorological forcing data can be seen in Text S1 in Supporting Information S1. To allow intui-
tive use and open access to the high-resolution climate information, a web-based data portal, known as China's 
Greater Bay Area Climate Data Portal (GBAcdp), was also established to visualize the convection-permitting 
WRF model outputs in terms of long-term trends, averages, and extremes (http://www.gbacdp.cn/). More details 
of the GBAcdp can be found in Qing and Wang (2021).

The Dongjiang River Basin is located in the east of the Pearl River Basin, South China (Figure 2b) with annual 
mean streamflow of 25.7 billion cubic meters and is a major water supply source for the GBA. To perform 
hydrologic predictions over the Dongjiang River Basin, a total of 25 years of daily streamflow from January 1981 
to December 2005 was collected for the Longchuan and Boluo gauging stations, which have drainage areas of 
7,699 km 2 and 25,325 km 2, respectively. The year 1980 was omitted since the EAR5-Land product was available 
only from 1981 onwards. And the first year (1981) was used as a spin-up period to reduce the sensitivity to the 
state-value initialization. The streamflow gauged at the Boluo station was potentially influenced by three major 
reservoirs, namely the Fengshuba, Xinfengjiang, and Baipenzhu in the upper, middle, and lower reaches of the 
river, which went into operation in 1974, 1962, and 1985, respectively. The streamflow gauged at the Longchuan 
station was potentially influenced by only the Fengshuba reservoir. To consider reservoir operations in hydrologic 
predictions, rule curves are a widely used approach to represent the storage dynamics of water reservoirs. We 
used the rule curves conceived to minimize the peak flow in the SWAT and VIC hydrologic models since the 
information on reservoir operating objectives is unavailable. The measured daily outflow time series were also 
collected for the three reservoirs from January 1981 to December 2005 to better represent reservoir operations.

3. Results
3.1. Construction of DNN-Based PCE Models for Efficient Stochastic Hydrological Prediction

The DNN-based PCE models were developed for improving the efficiency of hydrologic simulations over the 
Dongjiang River Basin during 1982–2005. The PCE-simulated daily streamflow is consistent with those gener-
ated from physically based hydrologic models (SWAT and VIC) (see Figures S4 and S5 in Supporting Infor-
mation S1). The correlation coefficients are greater than 0.99 and 0.9 in terms of mean values and standard 
deviations, respectively. Such a consistency verifies that the PCE models can adequately capture the behav-
ior of physically based hydrologic models during the period of 1982–2005, but the constructed PCE models 
fail to predict streamflow beyond the period since the time-variant PCE coefficients are only available during 

http://www.gbacdp.cn/
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1982–2005. To enable PCE-based hydrologic predictions for future periods without hydrologic observations, it 
is assumed that the multidimensional relationship between PCE coefficients and climate variables can be well 
characterized by DNNs and remains time-invariant. To verify the assumption, the DNNs were calibrated during 
1982–1997 and then validated during 1998–2005 by predicting PCE coefficients and comparing the correspond-
ing PCE-based predictions against streamflow observations. Figure 3 presents daily streamflow predictions with 
the 95% uncertainty ranges, generated from the SWAT-PCE and VIC-PCE models in the calibration period 
1982–1997 and the validation period 1998–2005 for the Longchuan and Boluo gauging stations. In general, 
the predicted streamflow time series match well with the observation for the calibration and validation periods, 
albeit some high flows are not well captured. Specifically, more than 80% of observations fall within the 95% 
uncertainty range of streamflow predictions generated by the PCE models over both stations for the calibration 
period 1982–1997; the corresponding proportion is generally over 70% for the validation period 1998–2005. This 
indicates that the constructed DNN-based PCE models can well predict streamflow regimes over the Dongjiang 
River Basin.

To verify the superiority of the DNN-based PCE models, a total of 2,000 PCE-based simulations were performed 
to compare with 2,000 MC simulations using the SWAT and VIC models. Figure 4 presents a comparison of 
hydrologic predictions generated from the 2,000 PCE and MC runs in terms of reliability, sharpness, bias, CRPSS, 
and efficiency. In general, the PCE-based simulations and the MC-based hydrologic model simulations lead to a 
comparable performance in terms of reliability, sharpness, and bias, particularly for the validation period which 
is our main focus in hydrologic predictions. For example, the MC and PCE simulations achieve median reliability 

Figure 3. Daily streamflow predictions generated through SWAT- and VIC-based PCE models (namely SWAT-PCE and VIC-PCE) for the (a, b) Longchuan and 
(c, d) Boluo hydrologic stations over the calibration period of 16 years (1982–1997) and the validation period of 8 years (1998–2005). The light blue area represents 
the predicted streamflow time series with 95% uncertainty intervals. Red dots represent streamflow observations. SWAT = Soil and Water Assessment Tool; VIC = 
Variable Infiltration Capacity; PCE = polynomial chaos expansion.
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of 0.22 based on the VIC model over the validation period 1998–2005 for the Longchuan gauging station (see 
Figure 4a). Such predictive capacities indicated by the PCE-based simulations, however, require substantially 
less computational time than the MC-based hydrologic model simulations (see Figure 4i). Specifically, it took (a 
desktop with an Intel® Core™ Processor i7-8700 CPU and 16 GB installed RAM) more than 4 days to complete 
2,000 MC runs for a period of 24 years based on the SWAT and VIC models, but it took less than 80 seconds to 
complete 2,000 PCE runs for the same period. With similar predictive performance, the DNN-based PCE models 
are more than 4,000 times faster than the physically based hydrologic models. It should be noted that such an 
increase in the computational speed would vary with different setups of hydrologic models and the application of 
parallel computing frameworks.

To evaluate the robustness of stochastic hydrologic predictions based on the DNN-based PCE models, 10-fold 
cross-validation was also performed to compare the predicted streamflow time series generated from the PCE- 
and MC-based simulations. Figure 5 shows the scatter plots of the 10-fold cross-validation results in terms of 
mean and standard deviation. Results indicate that mean values and standard deviations of daily streamflow 
obtained from the PCE-based predictions agree well with those from the physically based hydrologic models 
(SWAT and VIC), which further verifies the capability of the DNN-based PCE models in predicting streamflow 
regimes and quantifying the underlying uncertainty. For example, the Pearson's r between the SWAT-PCE predic-
tion and the SWAT-based hydrologic prediction is 0.94 and 0.87 in terms of mean values and standard deviations, 
respectively, over the Longchuan station (see Figures 5b and 5f). Therefore, the DNN-based PCE models can 
achieve computationally efficient probabilistic predictions of streamflow regimes with similar predictive capac-
ities to physically based models.

Figure 4. Comparison between hydrologic models (SWATMC and VICMC) and DNN-based PCE models (SWATPCE and VICPCE) in terms of (a, b) reliability, (c, d) 
sharpness, (e, f) bias, and (g, h) CRPSS, and (i) efficiency across years during the calibration (1982–1997) and validation (1998–2005) periods. (a, c, e, g) and (b, d, 
f, h) correspond to the Longchuan and Boluo gauging stations, respectively. MC = Monte Carlo; CRPSS = continuous ranked probability skill score. The thick black 
horizontal bars in (a−h) represent the median value, and the lower and upper edges of the box represent the 25th (Q1) and 75th (Q3) percentile values, respectively. The 
upper and lower edges of vertical lines represent the values of Q3 + 1.5 × IQR and Q1 − 1.5 × IQR, respectively, where IQR denotes the interquartile range that is equal 
to Q3 – Q1.
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3.2. Multi-Model Ensemble Stochastic Hydrological Prediction

Since each of the physically based models (SWAT and VIC) has its advantages and limitations, no single model 
(SWAT-PCE or VIC-PCE) can outperform others in every aspect. The vine copula multi-model ensemble 
approach was used to combine stochastic hydrologic predictions generated from two DNN-based PCE models, 
leading to a multi-model ensemble prediction. Figure 6 presents the daily streamflow predictions with the 95% 
uncertainty range generated from the ensemble predictions for the Longchuan and Boluo stations over the cali-
bration (1982–1997) and validation (1998–2005) periods. Results show that the predicted streamflow time series 
match well with observations, with the Pearson correlation coefficients, which represent the linear relationship 
between observations and mean values of predicted streamflow, greater than 0.8 for both stations over the valida-
tion period. The multi-model ensemble predictions also capture more observations within the confidence intervals 

Figure 5. Scatter plots of the 10-fold cross validation for probabilistic streamflow predictions generated through hydrologic models (SWAT and VIC) and DNN-based 
PCE models constructed based on the SWAT and VIC models in terms of (a−d) the mean values and (e−h) the standard deviation (Std.) over the Longchuan and Boluo 
stations.
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Figure 6. Probabilistic streamflow predictions generated by combining the SWAT-PCE and VIC-PCE models using the vine copula multi-model ensemble approach 
for the (a) Longchuan and (b) Boluo hydrologic stations over the calibration period of 16 years (1982–1997) and the validation period of 8 years (1998–2005). The light 
blue area represents the predicted streamflow time series with 95% uncertainty intervals. Red dots represent streamflow observations.
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than the single DNN-based PCE predictions, indicating higher reliability of ensemble streamflow predictions. 
Specifically, the percentages of captured observations at the Longchuan station show a significant improvement 
from 78% (SWAT-PCE) and 77% (VIC-PCE) to 91% for the ensemble predictions over the validation period, 
while the percentages for the Boluo station also show a substantial improvement from 72% (SWAT-PCE) and 
73% (VIC-PCE) to 89% for the ensemble predictions over the validation period. Thus, the vine copula-based 
multi-model ensemble prediction substantially enhances the reliability of hydrologic predictions in comparison 
with those generated by the single DNN-based PCE models.

To compare the vine copula multi-model ensemble approach with the BMA technique, Figure 7 presents the 
annual cycles of observed (black lines) and predicted streamflow for the Longchuan and Boluo stations during 
1982–2005. Results show that the annual cycles of predicted streamflow well match with those of observa-
tions for both stations, and the vine copula multi-model ensemble approach generally improves the consistency 
between observed and predicted streamflow regimes compared to the single DNN-based PCE models. For exam-
ple, the VIC-PCE model generally overpredicts streamflow in the warm season (April−September), whereas the 
SWAT-PCE model underpredicts spring (March−May) streamflow and overpredicts summertime (June−August) 
streamflow. Such biases can be greatly reduced by the vine copula multi-model ensemble approach. Specifically, 
the summertime streamflow generated by the SWAT-PCE and VIC-PCE models has positive biases of 350 and 
580 m 3/s, respectively, over the Boluo station, which are reduced to 283 m 3/s by using the vine copula multi-
model ensemble approach. Furthermore, the vine copula multi-model ensemble approach leads to smaller biases 
than the BMA in most cases, especially for the prediction of streamflow regimes from July to September. Specif-
ically, the streamflow generated by the normal BMA (BMAN), the gamma BMA (BMAγ), and the vine copula 
multi-model ensemble approach have positive biases of 267, 379, and 197 m 3/s, respectively, over the Boluo 
station from July to September.

To further compare the vine copula multi-model ensemble approach with the BMA approaches in terms of 
ensemble hydrologic predictions, Figure 8 presents a comparison of hydrologic predictions generated by differ-
ent evaluation metrics in terms of reliability, sharpness, bias, and CRPSS over the validation period 1998–2005. 
As lower values are better for the reliability metric, the BMA predictions are more reliable than the single 
DNN-based PCE predictions for the Boluo station but are less reliable for the Longchuan station (Figure 8a). 
In comparison, the vine copula multi-model ensemble approach leads to more reliable predictions than other 
approaches for both stations. Figures 8b–8c also show that hydrologic predictions generated from the vine copula 
multi-model ensemble approach are generally sharper and less biased than those generated from other techniques. 
In terms of the combined performance (CRPSS), the vine copula multi-model ensemble approach and the SWAT-
PCE model obtain similar results for the Longchuan station, but the former leads to the highest CRPSS value for 
the Boluo station. In comparison, the BMA approaches lead to lower CRPSS values than the SWAT-PCE model 
for the Longchuan station. This indicates that the vine copula multi-model ensemble approach outperforms the 
BMA techniques in combining multiple model outputs in terms of reliability, sharpness, and accuracy. Such an 

Figure 7. Comparison of the annual cycle of streamflow generated by individual SWAT-PCE and VIC-PCE models, as well as the multi-model ensemble simulation 
using BMA techniques and the vine copula multi-model ensemble approach for the (a) Longchuan and (b) Boluo hydrologic stations. The black line represents annual 
cycles of the observed streamflow. BMAN and BMAγ represent that the predictive PDF in BMA is approximated by normal and gamma distributions, respectively. 
BMA = Bayesian model averaging.
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improvement results from the flexible structure of the vine copula-based approach, which relaxes the assumption 
of the shapes of posterior distributions in the BMA approach.

3.3. Probabilistic Hydroclimatic Projection at a Convection-Permitting Scale

To project future hydrologic response to the changing climate at a river basin scale, the convection-permitting 
WRF climate simulation was performed in this study to generate the relevant climate variables including daily 
precipitation, and daily maximum and minimum temperature. Figure 9 presents the spatial patterns of absolute 
and relative model biases of annual precipitation and minimum and maximum temperatures. The WRF-simulated 
annual precipitation has a wet bias over the northern part of the Dongjiang River Basin and has a dry bias over 
the southern part against the MSWEP precipitation. The relative biases are generally less than 50% over the 
Dongjiang River Basin (Figure 9d). The WRF-simulated minimum temperature shows a model bias of less than 
1°C and a relative bias of less than 15%. In comparison, the WRF model tends to overestimate the maximum 
temperature over most of the simulation domain, and the corresponding relative bias is generally less than 10%. 
Thus, the WRF model is skillful in simulating temperature and precipitation over the study domain, ensuring the 
reliability of regional hydroclimatic projections.

Figure 10 depicts the comparison of the 24-year annual precipitation, and minimum and maximum temperatures 
under past and future climates. The future annual precipitation amount over the Dongjiang River Basin ranges 
from 1,000 to 2,500 mm. The absolute difference is less than 200 mm and the relative difference is less than 30% 
for the entire domain. On the other hand, the WRF model projects an overall increase in annual minimum and 

Figure 8. Comparison of model performance in hydrologic predictions indicated by (a) reliability, (b) sharpness, (c) bias, and (d) CRPSS across years over the 
validation period 1998–2005. SWATPCE and VICPCE represent the SWAT-PCE and VIC-PCE models, respectively. The boxplots are created with the same setting as 
Figure 4.

γ −
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maximum temperatures over the entire domain under RCP8.5. For example, the absolute increment in maximum 
temperature ranges from 2.4°C to 4.8°C. It can be also seen that the relative increment in maximum temperature 
is generally less than that in minimum temperature. Such differences induced by global warming have the poten-
tial to alter regional hydrologic regimes over the Dongjiang River Basin.

Extreme precipitation plays a crucial role in changing regional hydrologic regimes and in triggering water-related 
hazards, such as floods and droughts. Figure 11 exhibits the absolute and relative differences of the 24-year 
mean precipitation extremes between past and future climates. Four extreme precipitation indices were used 
in this study, including very wet days (R95pTOT), extremely wet days (R99pTOT), and maximum 1-day and 
5-day precipitation (Rx1day and Rx5day). The definition of these indices is provided in Table S5 in Supporting 
Information S1. The R95pTOT, R99pTOT, and Rx5day are projected to increase for most of the Dongjiang River 
Basin, especially for the northern part, by up to 80%, 120%, and 60%, respectively. In comparison, the Rx1day 
does not show a significant increase, especially in the east of the Dongjiang River Basin. The southeastern part of 
the Dongjiang River Basin is also projected to have a slight decrease in the Rx1day and Rx5day.

The projected future precipitation and temperature were used to force the DNN-based SWAT-PCE and VIC-PCE 
models, generating future changes in probabilistic streamflow time series (see Figure S6 in Supporting Informa-
tion S1). To improve the reliability of streamflow projections, the two probabilistic streamflow time series, gener-
ated by DNN-based SWAT-PCE and VIC-PCE models, were combined by the vine copula multi-model ensemble 
approach. Figure 12 presents the projected future changes in areal mean precipitation for the upstream contrib-
uting areas of the Longchuan and Boluo stations over a 24-year period (2076–2099), as well as the predicted 
daily streamflow time series with the 95% uncertainty range. The upstream contributing areas of the Longchuan 
and Boluo stations are projected to experience a substantial increase (as large as 54% and 59%) in the number of 
R99p heavy rainfall events for the future period 2076–2099 compared to the historical period 1982–2005. The 
total precipitation of R99pTOT is projected to increase by 51% and 56% over the Longchuan and Boluo stations, 
respectively, for the future period 2076–2099. Such increases in extreme precipitation lead to increases in the 
number and magnitude of high-flow events in the future period 2076–2099. Specifically, the Longchuan and 
Boluo stations are projected to experience 76 [58–95] and 39 [16–54] peak flow events, respectively, with daily 
streamflow exceeding the historical 99th percentile for the future period 2076–2099. The number of future peak 

Figure 9. Spatial patterns of (a−c) absolute model bias and (d−f) relative model bias for annual precipitation, minimum (Tmin) and maximum (Tmax) temperatures 
during 1982–2005.
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Figure 10. Spatial patterns of 24-year annual precipitation, minimum (Tmin) and maximum (Tmax) temperatures for (a, d, g) 
the future climate, (b, e, h) the absolute and (c, f, i) the relative differences between past and future climates.
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flow events projected for the Longchuan and Boluo stations is larger than the 37 and 31 events, respectively, 
detected in the historical period 1982–2005.

To further assess regional hydrologic regimes in response to climate change, Figure 13 presents annual stream-
flow cycles, the mean and extreme streamflow, as well as the flood magnitudes estimated under historical and 
future climates. Figure  13a shows that the high-flow season timing at the Longchuan station is projected to 
remain unchanged with a 13% [11%–15%] increase in the summer streamflow (June−August) for the future 
period 2076–2099 compared to the historical period 1982–2005. In comparison, the high-flow season at the 
Boluo station is projected to begin earlier in late spring (May) with a decrease of 12% [11%–13%] in the summer 
streamflow but an increase of 7% [6%–9%] in the spring streamflow (March−May). Although the mean stream-
flow is projected to witness little change (Figure 13c), the annual mean maximum streamflow will significantly 
increase by 25% [8%–69%] over the Longchuan station (Figure 13d). Such increases, however, are not significant 
for the Boluo station with changes falling within the range −28%–10%. Such different changes in the projected 
annual maximum streamflow lead to the difference in flood risk assessments (see Figures 13e and 13f). The flood 
magnitudes are estimated by first defining the Peaks over Threshold (POT) samples using the tenth percentile 
of the annual maximum streamflow as a threshold and then fitting the generalized Pareto distribution (GP) (see 

Figure 11. (a−d) Absolute and (e−h) relative differences of 24-year mean precipitation extreme (R95pTOT, R99pTOT, Rx1day, Rx5day) between past and future 
climates.



Water Resources Research

ZHANG ET AL.

10.1029/2022WR031954

18 of 25

details in Brunner et al., 2020). In general, the Longchuan station is projected to experience substantial increases 
in the flood magnitudes for the future period 2076–2099 compared to the historical period 1982–2005, but such 
increases are not significant for the Boluo station. For example, the estimated magnitude of the 20-year flood  is 
2,413 m 3/s [1,574–3,252 m 3/s] over the Longchuan station for the historical period 1982–2005, but the esti-
mated 20-year flood magnitude is projected to increase to 3,337 m 3/s [1,475–6,081 m 3/s] for the future period 
2076–2099. In comparison, the projected changes in the estimated magnitude of the 20-year flood over the Boluo 
station range from −67% to 113% with a mean value of 9%. The difference in the projected increases of flood 
magnitudes can be related to the reservoir operation represented in stochastic simulations, which is based on the 
rule curves conceived to minimize the peak flow (Duc Dang et al., 2020). Such a reservoir operation rule may 
potentially offset the impacts of increased extreme precipitation on peak flows, thereby leading to little change 
in the projected flood magnitudes over the Boluo station that is affected by three reservoirs (Brunner, 2021). It 
should be also noted that the future hydrologic regimes are projected under RCP8.5 and would vary under differ-
ent emissions pathways and different reservoir rule curves used.

4. Discussion
In this study, we have developed two DNN-based PCE models (SWAT-PCE and VIC-PCE) to perform probabilis-
tic projections of future hydrologic regimes under a changing climate. The integration of DNNs and PCE models 
enables the quantification of the dependence between the response models of catchment processes and climate 
regimes. This raises the question of how the DNN-based PCE model structures and parameters contribute to the 
overall uncertainty in hydrologic projections. To address this question, the ANOVA-based variance decomposi-
tion method was used to partition the total ensemble uncertainty in the projected changes of streamflow regimes 
into two components including the PCE model parameter and structure (Bosshard et al., 2013). Figure 14 presents 
the annual cycle of historical streamflow and the variance decomposition of climate change signals in the mean 
annual cycle of streamflow. Results show that the model structural uncertainty makes a substantial contribution 
to the total uncertainty with mean values of 63% and 46% for the Longchuan and Boluo stations, respectively. 
Model structures become the dominant source of uncertainty at the Longchuan station in the high-flow season 

Figure 12. Multi-model ensemble projections of daily streamflow generated through combining the SWAT-PCE and VIC-PCE models using the vine copula multi-
model ensemble approach for the (c) Longchuan and (d) Boluo hydrologic stations by the end of the twenty-first century. The light blue area represents the projected 
streamflow time series with 95% uncertainty intervals. (a) and (b) correspond to projected precipitation for the upstream contributing area of the Longchuan and Boluo 
hydrologic stations, respectively. The red dashed lines in (a−b) and (c−d) represent the 99th percentiles of historical precipitation and streamflow, respectively.
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(see Figure 14c), leading to a mean contribution of up to 82%. In comparison, the model parameter contributes 
less to the total uncertainty than the model structure with the mean values of only 20% and 25% for the Long-
chuan and Boluo stations, respectively.

To further evaluate the contribution of uncertainty components to the projected change in streamflow quantiles, 
Figure 15 presents the variance decomposition of the changes in different streamflow quantiles over the Long-
chuan and Boluo stations. Results show that the model structure is an important source of uncertainty with the 
contribution ranging from 32% to 93% while the contribution of parameters is relatively low and varies between 
4% and 45%. In particular, model structures become the dominant source of uncertainty for the high quantile 
range (e.g., 80%–99%), accounting for on average 84% and 65% of the total uncertainty in streamflow projec-
tions for the Longchuan and Boluo stations, respectively. Such results are consistent with those in previous 
studies which recognized the substantial uncertainty contribution of hydrological model structures in hydrologic 
simulations (Melsen et al., 2018; Van Kempen et al., 2021). The dominant contribution of model structures for 
the high quantile range can result from different runoff mechanisms and representation schemes of reservoir 
storage and operations in the SWAT and VIC models, which can be implicitly represented in the PCE models 
(Brunner, 2021; Duc Dang et al., 2020; Qiu et al., 2019). Therefore, neglecting model structural uncertainty 
can undermine the robustness of results and conclusions drawn from hydrologic projections. A multi-model 

Figure 13. Comparison of streamflow regimes at present and future climates: (a) and (b) correspond to the annual cycles of streamflow over the Longchuan and Boluo 
stations, respectively; (c) and (d) correspond to the boxplots of daily and annual maximum streamflow, respectively; (e) and (f) correspond to the flood return levels 
with 95% confidence intervals estimated over the Longchuan and Boluo stations, respectively, for past and future climates. The boxplots in (c) and (d) are created with 
the same settings as Figure 4.
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Figure 14. Variance decomposition of the uncertainty in projected mean streamflow changes at the (c) Longchuan and (d) 
Boluo hydrologic stations throughout the annual cycle of streamflow. (a) and (b) correspond to the annual cycles of historical 
streamflow for the Longchuan and Boluo hydrologic stations, respectively.

Figure 15. Variance decomposition of the uncertainty in projected changes of different streamflow quantiles for the (a) 
Longchuan and (b) Boluo hydrologic stations.
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hydrologic projection is thus crucial for generating a reliable prediction of peak flow and flood risk (Melsen 
et al., 2018). The physically based multi-model hydrologic projections, however, often suffer from a considera-
ble computational cost, which may hamper the application of multi-model techniques, especially for those large 
river basins. This issue can be solved using the proposed vine copula-based polynomial chaos framework, which 
incorporates the DNN-based PCE models and the vine copula multi-model ensemble approach into a probabil-
istic framework, to improve upon the physically based multi-model hydrologic projections in a computationally 
efficient manner.

In addition, although the DNN-based PCE model can efficiently generate plausible hydrologic predictions, it 
remains unclear whether such a “data-driven” approach can generate consistent future projections with physical 
models since the future PCE models are constructed using the DNN approach and have no physical mean-
ings. We have performed 500 MC simulations using the SWAT and VIC models forced by the projected daily 
precipitation and air temperature to compare with the DNN-based PCE models. Results show that these two 
approaches lead to consistent future changes in the annual mean and maximum streamflow (see Figure 16), 
further demonstrating the reliability of the DNN-based PCE model in projecting future hydrologic regimes. The 
SWAT and VIC models lead to divergent future changes in the annual maximum streamflow over the Boluo 
station, which can be also a reason for the insignificant changes in flood magnitudes between past and future 
climates (Figure 13f).

Figure 16. Comparison of streamflow regimes generated from DNN-based PCE models and hydrologic models (SWAT and VIC) at present and future climates: (a−b) 
and (c−d) correspond to the annual mean and maximum streamflow, respectively. MC represents Monte Carlo simulations. The boxplots are created with the same 
settings as Figure 4.
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5. Summary and Conclusions
In this study, we develop a vine copula-based polynomial chaos framework to improve multi-model projections of 
hydroclimatic regimes at a convection-permitting scale. Specifically, DNN-based PCE models are developed to 
improve the efficiency of probabilistic hydrologic predictions and are compared with physically based hydrologic 
models. A vine copula multi-model ensemble approach is also proposed to enhance the accuracy and reliability of 
ensemble hydrologic predictions and is compared with the existing BMA techniques. To project future changes 
in hydroclimatic regimes at a river basin scale, the multi-decadal climate projections are developed by using the 
convection-permitting WRF model with 4-km horizontal grid spacing. The proposed framework is applied to the 
Dongjiang River Basin located in South China for demonstrating its feasibility and applicability.

Our findings reveal that the DNN-based PCE models achieve comparable performance to the physically based 
models in terms of the reliability, sharpness, and accuracy of hydrologic predictions, but are more than 4,000 
times faster than the physically based hydrologic models. The vine copula multi-model ensemble approach 
achieves higher reliability and accuracy in hydrologic predictions compared to the BMA technique. In addition, 
the convection-permitting climate simulations well reproduce the observed spatial patterns of historical precip-
itation and temperature over South China, which further increases the confidence in the projected hydrologic 
regimes. The projected mean precipitation and streamflow do not show obvious increases over the Dongjiang 
River Basin, but there will be substantial increases in the frequency and intensity of extreme precipitation. Such 
increases lead to the amplification of flood risks, but such amplification may not be obvious for river basins 
affected by multiple reservoirs. Our findings also reveal that the DNN-based PCE models and physical models 
lead to consistent projections of hydrologic regimes, thereby demonstrating the reliability of the proposed frame-
work. These findings provide meaningful insights into future changes in hydroclimatic regimes over the Dong-
jiang River Basin, which play a crucial role in hydrologic engineering design and water resources planning in the 
context of climate change.

High-resolution hydroclimatic projections are subject to extensive uncertainties. In this study, we explicitly 
addressed the uncertainties in the structures and parameters of DNN-based PCE models and quantified the contri-
butions of uncertainty components to the overall uncertainty in hydrologic projections. Our findings reveal that 
model structures are an important source of uncertainty in the projected changes of the mean annual cycle of 
streamflow and are the dominant source of uncertainty for peak flows. In comparison, model parameters contrib-
ute less to the overall uncertainty in climate change signals of hydrologic regimes. Thus, neglecting model struc-
tural uncertainty would undermine the robustness of results and conclusions drawn from hydrologic projections.

This study also has several limitations. The PCE technique used in this study requires the studied parameters to 
be independent, but it is crucial to handle the possible correlation between parameters, which can provide insights 
into uncertainty analysis for hydrologic models. In addition, the developed PCE models cannot be applied down-
stream or upstream at locations other than where they were developed, and thus it is expected to use parameter 
regionalization techniques to relate known physical attributes to the PCE coefficients in future studies, thereby 
realizing spatially distributed predictions. The DNN-based PCE model relies on the assumption that the rela-
tionship between meteorological variables and PCE coefficients remains time-invariant, which may be violated 
due to hydrologic nonstationarity. It is thus necessary to further improve the proposed framework to obtain prob-
abilistic hydroclimatic projections in a nonstationary context. In addition, the vine copula-based multi-model 
ensemble approach fails to estimate the relative performance of each member in the ensemble such as the BMA 
approach. Such an approach does not generate a true prediction, but rather leads to a predictive distribution, 
thereby enhancing the credibility of hydrologic risk assessment. It should be also noted that the vine copula-based 
approach ignores serial correlation and spatial correlation in streamflow predictions generated from each model.

The recently released CMIP6 models involve more dynamic processes and have finer horizontal resolutions 
compared with the CMIP5 models used in this study but do not appear to reflect a substantial improvement (Agel 
& Barlow, 2020; J. Li et al., 2021). It remains unclear whether the CMIP6 will provide more reliable climate 
change signals in convection-permitting climate simulations. Thus, it is necessary to compare dynamically down-
scaling climate projections derived from CMIP5 and CMIP6 models in future studies.

The projected streamflow can be subject to the model bias of WRF simulations, but climate model bias is 
not corrected in this study due to the stationarity assumption of bias-correction approaches. Bias correction 
commonly relies on the hypothesis that biases from historical simulations remain the same in the future, which 
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cannot be tested directly since the future climate has not been realized yet. Thus, the use of bias correction may 
further increase the uncertainty and bring additional assumptions to hydrologic projections. Nevertheless, it is 
expected to examine the impacts of bias-corrected climate simulations on the projected streamflow regimes in 
future studies to further examine the error propagation and assumptions of hydroclimate projections.

Data Availability Statement
The MSWEP V2 precipitation product can be downloaded at http://www.gloh2o.org/mswep/. The ERA5-Land 
and ERA-Interim gridded reanalysis products were provided by the ECMWF, which can be obtained from the 
websites (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-land?tab=overview and https://
apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/). The streamflow and reservoir outflow obser-
vations were collected from the Bureau of Dongjiang River Basin Administration of Guangdong Province 
(http://djly.gd.gov.cn/). The WRF model outputs presented in this study can be accessed at GBAcdp (http://www.
gbacdp.cn/).
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