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Flow Duration Curve (FDC) is an essential graphical tool for illustrating the variability of observed historical
streamflow. Achieving an advanced understanding of the physical characteristics governing FDCs is crucial for
enhancing predictions of FDCs in ungauged basins. However, this remains challenging due to the complex
processes that control streamflow components and their interactions. To address this, a novel framework that
integrates regionalization and process-based methods is proposed for predicting FDCs in ungauged basins. This
framework implements a hydrological similarity-based regionalization method to estimate hydrological model
parameters in ungauged basins, enhancing streamflow prediction reliability. It categorizes streamflow into four
distinct components based on delayed flow separation: Short-delay, intermediate-delay, long-delay, and baseline-
delay. These components are synthesized to construct the FDC, with their interdependencies modeled using a
Vine copula structure. A Bayesian-based estimation technique for the copula function parameters is developed to
further improve the precision of the predicted FDC. Applied to nine selected MOPEX ungauged basins, the
framework demonstrated superior accuracy, especially for low to middle streamflow phases. Moreover, the
framework exhibited superior simulation accuracy during the validation period, highlighting its substantial
potential for future-oriented water resource management and planning strategies.

1. Introduction

Flow Duration Curve (FDC) represents a graphical depiction of the
observed historical flow variation, serving as an instrumental method
for characterizing hydrological patterns within a basin (Leong and
Yokoo, 2021; Owolabi et al., 2020; Verma et al., 2017; Wolff and Duarte,
2021). By ranking observed streamflow and estimating their corre-
sponding exceedance probabilities through an appropriate plotting po-
sition, the FDC can be derived from streamflow records (Leong and
Yokoo, 2019). The FDC’s application spans a wide array of water
resource planning and management scenarios, including flood and low-
flow situation assessments (Vorogushyn et al., 2018), hydrologic effects
of afforestation (Niemeyer et al., 2020), sedimentation in rivers (Sathya
and Srinivas, 2023; Vogel and Fennessey, 1995), water quality

management (Asadollah et al., 2021), and determination of environ-
mental flow standards for protecting aquatic habitats and ecosystem
health (Suwal et al., 2020). Empirical FDC is pivotal in understanding
streamflow behavior within basins, however, its construction is deter-
mined by the availability of streamflow data. Due to a lack of data, FDCs
are not readily available along ungauged basins, still, these are often the
regions that have the greatest need for an understanding of hydrological
processes. Recognizing this need, the prediction of FDCs in ungauged
basins has been, for years, an active area of research (Qamar et al.,
2016). Data interpolation approaches employ streamflow from proxi-
mate or analogous basins, along with pertinent geographical and hy-
drological attributes, to predict the FDC at ungauged basins (Castellarin,
2014; Persiano et al., 2022; Waseem et al., 2015). The distribution of
streamflow in mountainous and plain regions may be influenced by
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factors such as topography, soil type, and vegetation cover, giving rise to
heterogeneity. If these differences are not considered by the interpola-
tion methods, the result of predictions may be inaccurate. In addition,
the interpolation results may be affected when observed data with un-
even or sparse spatial distribution are utilized for interpolation (Atieh
et al., 2017). Regional analysis approaches refer to transfer the of hy-
drological information from one catchment (location) to another, hy-
drological information may be either the model parameters or the
general structure of models that estimate hydrological responses.
Regional analysis approaches are satisfactory if the catchments are
similar but error-prone if they are not, the edge effects near the
boundaries of a basin have the potential for uncertainty (Booker and
Snelder, 2012; Singh and Devi, 2022). Deep learning approaches are
explored by researchers, such as neural networks (Yu et al., 2023), to
address the FDC prediction problem in ungauged basins based on recent
advancements in machine learning and artificial intelligence technolo-
gies (Bozchaloei and Vafakhah, 2015; Vafakhah and Bozchaloei, 2020).
Traditional machine learning techniques, such as boosting, boot-
strapped aggregation, and stacked generalization, demand extensive
data, posing a significant challenge for ungauged basins where data
scarcity may introduce considerable uncertainty (Xu and Liang, 2021).
In these regards, these common approaches do not avoid certain limi-
tations. Hence, the principal aim of this research is to develop a novel
framework for improving the accuracy and robustness of FDC prediction
for ungauged basins.

The premise for predicting the FDC at ungauged basins is to predict
streamflow in ungauged basins. To overcome the lack of streamflow in
ungauged basins, methods for streamflow prediction at ungauged basins
are widely explored (Costa and Fernandes, 2021; Ridolfi et al., 2020).
For instance, performance-weighted methods (Farmer and Vogel, 2013),
data-driven hydrological methods (Zhang et al., 2023), and regionali-
zation methods. As existing hydrological data can be effectively utilized
to enhance predictions in ungauged basins, through adjusting region-
alization strategies, and compared to complex hydrological models that
require extensive detailed data, this method still provides effective hy-
drological predictions even with limited data availability (Singh and
Devi, 2022), the regionalization method is the most prevalent in unga-
uged basins prediction (Miiller and Thompson, 2016; Zhang et al.,
2015). Different types of regionalization methods such as the regression
method, spatial proximity method, hydrological similarity method, and
output averaging methods have been recommended and widely used all
over the world by different authors (Arsenault et al., 2019; Singh and
Devi, 2022). The hydrological similarity method includes the simulation
of physical hydrological processes and the transfer of parameters from
hydrological models that have been developed and calibrated for gauged
basins to ungauged basins, also the hydrological processes and physical
characteristics of the basins are considered to ensure alignment with the
actual hydrological mechanisms within the basins (Archfield et al.,
2015). Based on these conditions, the hydrological similarity method is
employed to obtain parameters of hydrological models in ungauged
basins (Feng et al., 2022; Huang et al., 2020; Refsgaard et al., 2022), and
the common techniques of the hydrological models’ parameter transfer
involve parameter regression and machine learning. Parameter transfer
methods aim to estimate the interrelationship between catchment model
parameters and characteristic attributes, deriving the parameters for
ungauged basins based on calibration results obtained from gauged
basins (Wang et al., 2023). The parameter regression method is sensitive
to the effects arising from the multitude of potential parameter combi-
nations, and the subjective nature of selecting basin attributes may pose
limitations, particularly when working with datasets characterized by
small sample sizes (Jafarzadegan et al., 2020). In this case, state-of-the-
art machine learning is regarded as a novel approach to parameter
transfer (Yi et al., 2014), including hierarchical cluster analysis and
unsupervised neural network, however, the effectiveness of machine
learning for parameter transfer is subject to the density of hydrological
stations. Therefore, there is a clear requirement for approaches that be
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used to hydrological model parameters transfer more reliably. A hy-
drological similarity-based regionalization method integrates a Random
Forest model and cluster analysis designed for hydrological model pa-
rameters transfer in ungauged basins in this research. The ensemble
method presents an enhanced approach for recognizing and utilizing the
intrinsic similarities across basins and is better equipped to handle the
complex interactions and nonlinear relationships among basin charac-
teristics (Kratzert et al., 2019), thereby, improving the accuracy and
robustness of the hydrological model parameters estimation for unga-
uged basins.

Statistical techniques play a key role in constructing the FDC, relying
on fitting statistical distribution functions to observe FDCs from multiple
gauged locations within a basin (Dey et al., 2024). Statistical techniques
do not rely on specific assumptions about hydrological processes, which
allows them to exhibit considerable flexibility and adaptability when
addressing diverse climatic and geomorphological conditions. In non-
stationary climatic conditions, the inherent flexibility of statistical
techniques enables them to better adapt to predict future streamflow
variations in certain scenarios (Miiller and Thompson, 2016). A regional
regression relationship between the fitted distribution parameters and
basin characteristics is then established (Leong and Yokoo, 2021; Sau-
quet and Catalogne, 2011). However, such statistical approaches may
not fully capture the underlying hydrological processes influencing the
FDC, affecting the accuracy of FDC predictions for basins beyond the
specific study regions and periods for which the statistical relationships
have been developed (Cislaghi et al., 2020). As Fig. 1 indicates, an array
of physical factors—including precipitation, evaporation, infiltration,
runoff, topography, soil properties, and vegetation cover—play a crucial
role in shaping the FDC. Among these, precipitation is determined as the
primary factor affecting the FDC’s shape, where its volume, intensity,
form, and temporal distribution determine the curve’s shape
(Coopersmith et al., 2012; Ghotbi et al., 2020b). Topography and soil
permeability stand as essential natural determinants of the FDC shape by
governing runoff and infiltration, thereby shaping the basin’s hydro-
logical response. Highly permeable soils enhance precipitation infiltra-
tion, boosting groundwater levels and leading to a more gradual FDC
decline. Low-permeability soils, however, restrict infiltration, causing a
steeper FDC indicative of rapid precipitation response and limited
baseflow support (Chouaib et al., 2018). Hence, considering the influ-
ence of these physical factors is crucial for accurately constructing FDCs.
Previous studies have adopted a derived distribution approach by inte-
grating stochastic representations of precipitation inputs with deter-
ministic models of the precipitation-runoff transformation process
(Costa and Fernandes, 2017). It is essential to highlight that the derived
distribution approach accounts for the key processes affecting temporal
streamflow variability, including climate forcing and catchment char-
acteristics. However, rainfall-runoff processes in actual basins display a
greater level of complexity and regional heterogeneity than previously
assumed in initial studies (Leong and Yokoo, 2021). A clear need exists
for approaches or conceptual models that enhance the general study of
the process controls of the FDC. Ghotbi et al. (2020a) proposed a new
stochastic model based on process-based methods for constructing FDCs.
The stochastic model involves partitioning streamflow into its fast and
slow components (Duncan, 2019), the distribution of each component is
fitted separately before being integrated to model the FDC of stream-
flow. In this way, the FDC of streamflow is computed as a statistical sum
of a fast flow duration curve and a slow flow duration curve, and ac-
counting for the dependence structure between fast and slow flows, the
dependence is addressed through the utilization of a bivariate copula
function (Ghotbi et al., 2020a). The stochastic model attributes the
shape of the FDC to physical processes and provides an effective
pathway for predicting FDC in ungauged basins. This study advances an
extended version of the stochastic model proposed by Ghotbi et al.
(2020a), including dividing the streamflow into multiple delayed flows
to model their interdependence separately explore their process controls
independently, and later combine them to model the FDC.
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Fig. 1. Exploring the impact of various physical factors on the shape of FDCs through causal loop diagrams.

The challenge of modeling FDCs and understanding the process
controls of FDC’s shape from the fact that streamflow represents a
synthesis of catchment hydrological responses functioning across mul-
tiple time scales (Cheng et al., 2012; Leong and Yokoo, 2021). For
simplicity, as a first step, streamflow is divided into various physical
processes. Through numerical simulations utilizing a physically based
hydrological model, Chouaib et al. (2018) proposed separating
streamflow into two components: Fast flow indicative of surface runoff,
and slow flow, representative of subsurface streamflow and ground-
water flow, to generate deeper insights into the shape of the FDCs,
including their process controls. Binary or two-component separation of
streamflow into a fast and a slow component are often based on arbitrary
choices of separation parameters and also merge different delayed
components into one baseflow component and one Baseflow Index (BFI)
(Aboelnour et al., 2021). The generation of streamflow during dry
weather frequently is derived from the drainage of multiple sources. To
deal with this, Stoelzle et al. (2020) proposed to extend the BFI by a

Delayed Flow Index (DFI) to account for the dynamics of multiple
delayed contributions to streamflow. The DFI relies on Characteristic
Delay Curves (CDCs), wherein the identification of breakpoint estimates
serves to avoid rather subjective separation parameters and allows for
distinguishing four delayed classes: Short-delay class indicates near-
surface runoff or transient groundwater contributions, intermediate-
delay class reflects certain groundwater or snowmelt contributions,
whose response times lie between those of short-delay and long-delay
flows. The long-delay class represents deep groundwater flows, which
have a longer response time to precipitation events and the baseline-
delay class represents the slowest water source contributions, which
maintain the stability of streamflow during dry periods. To construct the
FDC with greater accuracy, this method was employed to separate the
streamflow. Copulas are functions that link the marginal distribution
functions of random variables to their joint distribution function,
thereby describing the dependence structure between these variables
(Sklar, 1973). The great advantage of copulas lies in constructing the
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joint distribution function through two distinct processes: Modeling the
dependence and the modeling of the marginal distribution functions
(Vernieuwe et al., 2015). As this property allows for modeling a large
variety of joint probability functions, copulas have gained popularity
among the hydrological community. Liu et al. (2020) developed a
Bayesian-copula-based frequency analysis method for snowmelt flood
risk assessment and provided a scientific basis for flood management
and disaster prevention. Tahroudi et al. (2020) used copula functions to
analyze the joint signatures of groundwater level deficiency and rainfall
deficiency in the Nagadeh sub-basin in the Lake Urmia Basin. In the
study of Nazeri Tahroudi et al. (2021), the application of the conditional
density of bivariate copulas was investigated in flood routing via a
copula-based approach. However, their use is generally restricted to the
description of bivariate dependence. Recent advancements have intro-
duced Vine copulas, enabling the description of multi-dimensional
dependence through a sequential combination of two-dimensional
copulas (Vernieuwe et al., 2015). Pouliasis et al. (2021) developed a
methodology for generating a synthetic time series of hydro-climatic
variables using the Vine copula model, and Wu et al. (2021) proposed
a novel drought prediction model via conditional Vine copulas for
China. This study explores the application of Vine copulas to integrate
all pertinent dependencies among the four delayed flows, aiming to
improve the accuracy and reliability of constructed FDCs by capturing
the complex interdependencies among various streamflow patterns.
Through the separation of streamflow into delayed flows, four
distinct types corresponding to specific hydrological processes are
identified. The simulation of intrinsic connections among these pro-
cesses improves the accuracy of FDC predictions and the robustness
based on the understanding of their physical controls (Janssen and
Ameli, 2021). In this context, precise estimation of copula function pa-
rameters is essential for capturing the dependence between various
delayed flows through the Vine copula structure. Copula parameters,
reflecting the strength of mutual dependence between two variables
(Hao and Singh, 2016), are typically estimated through a theoretical
relationship (if exists) with empirical dependence measures, including
Kendall’s T and Spearman’s p, or through inference from empirical
multivariate probability distributions of data (Sadegh et al., 2017). The
most common practice for parameter estimation is using local optimi-
zation algorithms, such as the Newton-Raphson method (Gréler et al.,
2013; Ribatet and Sedki, 2013). Local optimization approaches benefit
from efficient (mostly gradient-based) search algorithms but suffer from
susceptibility to getting trapped in local optima and are not capable of
characterizing the underlying uncertainties (Sadegh et al., 2017). Global
optimization approaches and the Bayesian approach have also been
explored for inferring copula parameters (Kwon and Lall, 2016; Parent
et al., 2014; Smith et al., 2012). Global optimization approaches are
essential in parameter estimation, particularly for complex models sus-
ceptible to local minima (Bangyal et al., 2021). For example, the dif-
ferential evolution algorithm is particularly effective in noisy
environments where gradient-based methods fail. It handles complex
objective functions by evolving a solution population through mutation
and crossover, thus accommodating diverse problem landscapes
(Poovathingal and Gunawan, 2010). The Bayesian approach provides a
robust framework to account for the uncertainty that originates from
model selection, parameter uncertainty, and shortage of data, the latter
one being the major source of uncertainty in the result (Kaplan, 2021).
Furthermore, the Bayesian approach allows for the use of prior distri-
butions that represent previous knowledge and beliefs on the distribu-
tion of model parameters. Prior distributions help to improve model
convergence and parameter estimation in the Bayesian approach (Van
de Schoot et al., 2021). Sadegh et al. (2017) presented a developed
Multivariate Copula Analysis Toolbox (MvCAT) which includes a wide
range of copula families with different levels of complexity. MvCAT
employs a Bayesian approach with a residual-based Gaussian likelihood
function for inferring copula parameters and estimating the underlying
uncertainties. The approximation of the posterior distribution through
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random sampling is achieved with a developed hybrid-evolution Markov
Chain Monte Carlo (MCMC) algorithm. This algorithm is capable of not
only finding a good estimate of the global optimum but also providing an
approximation of the underlying uncertainties within a Bayesian
approach (Mazdiyasni et al., 2018; Sadegh et al., 2017). Thereby, the
MvCAT is applied to estimate copula parameters in this study and is
compared with the copula parameters obtained through the method
based on Kendall’s tau to enhance the precision of predicted FDCs in
ungauged basins.

The objective of this study is to propose a framework, integrating
regionalization and process-based approaches for predicting FDCs at
ungauged basins. This framework aims to improve the accuracy of the
FDC predictions in ungauged basins and deepen our comprehension of
the process controls influencing the shape of FDCs, which focuses on the
following three aspects.

e A mixture copula model is designed to explore process controls of

FDCs, delineating hydrological processes from diverse delayed flow

components.

Bayesian-based parameter estimation for the construction of Vine

copula structures to quantify the dependence of diverse delayed

components is developed to further improve the accuracy of the

predicted FDC.

o A regionalization method based on hydrological similarity is devel-
oped to estimate the hydrological model parameters in ungauged
basins.

The rest of the study is organized as follows: Section 2 presents the
data description and analysis as study cases. Section 3 introduces the
methodology for proposing the framework for predicting FDC at unga-
uged basins. Section 4 outlines the results of applying the framework to
the MOPEX basins in the United States. Section 5 discusses the evalua-
tion results of the framework for FDC prediction in another study case.
Section 6 presents the key conclusions and offers suggestions for future
research endeavors.

2. Study cases

The MOPEX database is a product of a collaborative international
initiative involving academic institutions, governmental agencies, and
non-governmental organizations, with the primary objective of
advancing atmospheric and hydrological modeling, also the MOPEX
database includes historical hydrometeorological data and land surface
characteristics for 438 hydrologic basins in the United States (http://h
ydrology.nws.gov/pub/gcip/mopex/US_Data) (Duan et al., 2006). The
developed framework is illustrated on the selected 201 MOPEX basins
(124°03'W-71°05'W, 27°13'N-48°29'N) ranging from 52 km? to 3988
km? as shown in Fig. 2a. These basins have been selected for encom-
passing a range of geographical features and climates, from arid to
humid, and the generalization capability of the developed framework
under various conditions can be enhanced across diverse environmental
conditions (Chouaib et al., 2018). For constructing the developed
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Fig. 2. a, DEM map with the boundaries of 201 MOPEX basins, highlighting
selected ungauged basins with red rectangles. b, Land cover map with the
boundaries of 201 MOPEX basins. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
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framework for predicting FDCs at ungauged basins, four main types of
data were utilized: Observed streamflow data, meteorological data,
geographical information data, and remote sensing data. Streamflow
data from 1982 to 2000 for 201 basins were from the MOPEX database,
with the streamflow for the 1982 year selected as a warm-up period,
almost 72 % of the streamflow data samples (1983-1995) were used for
calibration, and a 5-year period spanning from 1996 to 2000 was uti-
lized to verify the developed framework. Daily meteorological data from
1982 to 2000 including precipitation, mean, maximum, and minimum
daily temperature, and potential evapotranspiration (ET,) was also ob-
tained from the MOPEX database (Duan et al., 2006; Tounsi et al., 2023).
The MOPEX database provided data on 16 types of land use within these
basins (Fig. 2b), according to the International Geosphere-Biosphere
Programme (IGBP) classification, was utilized to calculate the effec-
tive depth (Zg), a critical variable influenced by land cover and soil type
that determines a basin’s maximum sustainable evaporative flux from its
water reserves (Daly et al., 2019). These data were used as clustering
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indicators in a K-means clustering approach to measure hydrological
similarity across different basins. A 30 m resolution Digital Elevation
Model (DEM) obtained from Advanced Spaceborne Thermal Emission
(https://Ipdaac.usgs.gov/products/astgtmv003/) and Reflection Radi-
ometer Global Digital Elevation Model Version 3 (ASTGTMV003) was
employed to obtain elevation information for the study area (Xin et al.,
2021). Normalized Difference Vegetation Index (NDVI) data from 1982
to 2000, with a spatial resolution of 1/8° and a temporal resolution of
hourly, were also employed in a regionalization method based on hy-
drological similarity for basin clustering.

3. Methodology

The developed framework (Fig. 3) is summarized as follows: (1)
Developing a regionalization method based on hydrological similarity to
transfer hydrological model parameters in ungauged basins. (2) Con-
structing the mixture copula model for predicting FDC, which involves
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Table 1
Summary of various climate, topographic, land-use, and geopedological descriptors for the 201 MOPEX basins.
Notation  Descriptor Computation Unit Data Source
P Mean daily precipitation Total depth of precipitations over the recorded period (19 years) divided by the number of days, mm/ MOPEX database
aggregated spatially to the catchment scale d
Trmax Maximum daily temperature Total of maximum daily temperatures over the recorded period (19 years) divided by the number of  °C MOPEX database
days, aggregated spatially to the catchment scale
Trmin Minimum daily temperature Total of minimum daily temperature over the recorded period (19 years) divided by the number of  °C MOPEX database
days, aggregated spatially to the catchment scale
ETo Mean daily potential Total of mean daily potential evapotranspiration over the recorded period (19 years) divided by the =~ mm/ MOPEX database
evapotranspiration number of days, aggregated spatially to the catchment scale d
Q Mean streamflow Total depth of streamflow over the recorded period (19 years) divided by the number of days, mm/ MOPEX database
aggregated spatially to the catchment scale d
Area Catchment area — km? MOPEX database
Slope Average basin slope — % United States
Geological Survey
NDVI Half-month normalized Total of half-month normalized vegetation index over the recorded period (19 years) divided by the =~ — MOPEX database
vegetation index number of half-months, aggregated spatially to the catchment scale
Land use Evergreen Needleleaf Forest — — (Daly et al., 2019)
Evergreen Broadleaf Forest
Deciduous Needleleaf Forest
Deciduous Broadleaf Forest
Mixed Forest
Closed Shrublands
Open Shrublands
Woody Savannah
Savannahs
Grasslands
Permanent Wetlands
Croplands
Urban and Built-Up
Cropland / Natural
Vegetation Mosaic
Snow and Ice
Barren or Sparsely Vegetated
Water Bodies
ZE,50% The characteristic depth of The characteristic depth of the soil layer supporting Zg is calculated from the land use, defined m (Daly et al., 2019)
ZE,60% the soil layer according to the IGBP classification with 17 different land uses. Each land use is assumed to be
ZE,80% characterized by a root distribution

separating the streamflow into diverse delayed flow contributions and
capturing their dependence by a Vine copula structure. Through the
constructed model, the characteristics of FDC are linked to underlying
physical processes to improve the accuracy of FDC prediction. (3)
Bayesian-based copula parameter estimation is compared with the in-
verse Kendall tau transformation-based parameter estimation to further
improve the accuracy of the predicted FDC.

3.1. Regionalization method based on hydrological similarity

Streamflow prediction in ungauged basins is a premise for con-
structing the FDC, and accurate estimation of hydrological model pa-
rameters is crucial for streamflow prediction. Therefore, a
regionalization method based on hydrological similarity has been
designed to facilitate parameter transfer. Through a wide consideration
of descriptors including climate, topography, land use, and soil geology,
basin characteristics can be matched, and more appropriate hydrologi-
cal model parameters and hydrological behavior predictions for unga-
uged basins are provided. Compared to traditional regionalization
methods, the hydrological similarity based-regionalization method in-
tegrates the ensemble learning mechanism and bootstrap sampling
principles. Through incorporating multiple decision trees, the risk of
overfitting is reduced and the predictive accuracy is enhanced. In
addition, the diversity of training data is increased through bootstrap
sampling. The hydrological model could be of any type, with the Hy-
drological Model (HYMOD) serving as an illustrative example of the
regionalization method. HYMOD is a daily-step hydrological model
based on a nonlinear water storage capacity distribution function. The
runoff generation process is described by a simple precipitation-excess
model based on the probability-distributed principle (Quan et al.,
2015). The regionalization method includes three steps: Basin

clustering, selection of the basins with the highest hydrological simi-
larity, and hydrological model parameters transfer. These steps are
detailed as follows.

Step 1: Basin clustering is employed to refine the search for the
basins with the highest hydrological similarity. After mapping out the
hydrographical boundaries of the 201 MOPEX basins, each basin is
characterized by a unique set of descriptors, as shown in Table 1. These
descriptors are employed to group basins into clusters using the K-means
process (Gaviria and Carvajal-Serna, 2022). The K-means clustering
process begins with determining the optimal number of clusters (K) from
a potential range of 2 to 10, adapting diverse clustering scenarios
(Kodinariya and Makwana, 2013). Following this, the K-means clus-
tering algorithm is applied to each number within this range, and the
Correlation Distance (Eq. (2) is calculated for each cluster count. The K
value is typically where the Correlation Distance is at its minimum
(Gaviria and Carvajal-Serna, 2022), then, K centroids are randomly
placed among the 201 basins, and the Euclidean Distance (Eq. (3) are
calculated to assess the hydrological similarity between each basin and
its cluster centroid. After the initial assignment, centroids are updated
by recalculating the average values of descriptors for each cluster,
thereby refining the centroids for the subsequent iterations. The itera-
tive process continues until the algorithm converges, ensuring each
basin is appropriately classified. The basin that lies closest to each
cluster’s centroid is then considered an ungauged basin within that
group (Gaviria and Carvajal-Serna, 2022). N is the total number of de-
scriptors, xy, represents the i th descriptor of any basin within the k th
cluster, Cy, represents the i th descriptor of the centroid in the k th
cluster. The corr(xy,, Cy,) calculates the Pearson correlation coefficient
between x, and Cy (Eq. (1).
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Step 2: The choice of the basins with the highest hydrological similarity
is determined through the application of distance metrics, the Euclidean
distance is calculated within the cluster to which the ungauged basin
belongs, serving as the measure of distance between the ungauged basin
and other gauged basins. The basins with the lowest Euclidean distance
are chosen as the basins with the highest hydrological similarity.

Step 3: The transfer of hydrological model parameters between
ungauged basins and those with the highest hydrological similarity in-
corporates the mechanism of the Random Forest model. In the param-
eter transfer process, the strength of multiple decision trees is leveraged
to enhance predictive accuracy and mitigate overfitting through result
averaging (Zounemat-Kermani et al., 2021). The procedure for the
transfer of hydrological model parameters is as follows.

Step 3.1: Climate, topography, land use, and geopedological de-
scriptors (Table 1), along with hydrological model parameters from the
basins with the highest hydrological similarity serve as the training in-
puts, and hydrological model parameters are the target outputs. The
significance of each descriptor to the target variable is assessed using
Pearson correlation coefficients, and descriptors with an absolute cor-
relation value greater than 5 with the target variable are retained.
Similar descriptors within the same category are averaged to combine
features, simplifying the feature set to enhance model accuracy and ef-
ficiency. For example, for descriptors of various land use types, the
average is calculated to represent the overall characteristics of that
category.

Step 3.2: A Random Forest model with 100 decision trees is created to
train on the selected descriptors. Bootstrap sampling is used to create
diverse training sets for each decision tree, increasing data diversity and
model generalization capabilities. The construction of multiple decision
trees proceeds in parallel, with descriptor selection for splits being
randomized to add further diversity. The predictions from all decision
trees are then aggregated to produce the final output.

Step 3.3: Descriptors from ungauged basins are preprocessed to
ensure compatibility with the trained model’s descriptors. The pro-
cessed descriptors are then input into the Random Forest model to
predict the hydrological model parameters, and more detailed de-
scriptions of the transfer of hydrological model parameters are pre-
sented in Supporting Information (section S1.1).

Step 4: These simulated and predicted streamflow with HYMOD
driven by the hydrological parameters in the ungauged basins are
crucial for the process-based mixture copula model for FDC construc-
tion. Therefore, several metrics are used to evaluate the prediction
precision of streamflow for calibration and validation periods: Nash-
Sutcliffe Efficiency (NSE), Mean Absolute Error (MAE), Bias, Confi-
dence Interval Width (CI_width), and Percentage of Uncertainty (%Un-
certainty) (Table S1) (Atieh et al., 2017). NSE serves as a robust
indicator of hydrological model predictive accuracy and efficiency,
which distinguishes between models of varying quality. MAE quantifies
the average magnitude of errors in predictions, providing a straight-
forward assessment of model error magnitude. Bias helps identify sys-
tematic over or underestimations through the results of streamflow
prediction (Chicco et al., 2021). CI_width and %Uncertainty is employed
for uncertainty analysis. These evaluation metrics collectively afford a
thorough insight into the accuracy and reliability of streamflow pre-
dictions in ungauged basins. The differences in metrics between the
calibration and validation periods assess the temporal transferability of
estimated hydrological model parameters. Effective temporal
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transferability is crucial for validating regionalization methods
(Johannessen et al., 2019).

3.2. Process-based mixture copula model for FDC construction

3.2.1. Delayed flow separation

Since the focus of this paper is to illustrate a process-based mixture
copula model for constructing FDCs by combining different delayed
flows, as a first step, the four delayed components of streamflow are
estimated from the predicted streamflow using a delayed flow separa-
tion method. The dynamics of multiple delayed contributions to
streamflow are considered through the method. A more detailed
assessment of water resource sustainability in basins during dry periods
is allowed by this refinement (Stoelzle et al., 2020). The process of
delayed flow separation is outlined as follows.

Step 1: To identify the minimum flow points within each time block,
thereby recognizing characteristics representing delayed flows, the flow
time series is divided into non-overlapping consecutive blocks of N days.
The minimum flow within each time block is identified, and the mini-
mum value of each block is compared to the minimum of the two
adjacent blocks. If a factor f = 0.9 times the minimum value is less than
or equal to the two adjacent minima, a turning point is defined. The
turning points are linked with straight lines to become the delayed flow
hydrograph (Wright et al., 1990; Yeh and Chen, 2022). Between turning
points, the delayed flow values are derived through linear interpolation.
If the interpolated delayed flow exceeds the original streamflow value,
the interpolated delayed flow is replaced through the original stream-
flow (Stoelzle et al., 2020). In hydrology, delayed flow generally cor-
responds to baseflow, with instantaneous flow primarily contributed by
surface runoff, equaling the total flow minus the baseflow (Wang et al.,
2022). Constructing the delayed flow hydrograph enables the effective
separation of baseflow and surface runoff, moreover, facilitating the
calculation of the delayed flow’s proportion in the streamflow,
described as the DFI.

Step 2: The delayed flow index for a given N (DFly) is then calcu-
lated as the ratio of the sum of delayed flow to the sum of streamflow
from 1 to 90 days. The calculation of the DFI relies on constructing the
delayed flow hydrograph, intended to quantify the contributions of
various delayed flows to the total flow within a basin (Anderson et al.,
2023), and the quantification is crucial for understanding the contri-
bution of groundwater recharge and storage processes to streamflow.
DFI, represents the case of no separation, with the delayed flow series
being identical to the streamflow series (DFIy = 1). With an increase in
N, due to the turning points being set wider apart, more streamflow
peaks (contributions with shorter delays) are excluded from the sepa-
ration, resulting in a decrease in the DFI (Stoelzle et al., 2020).

Step 3: Based on the DFI for different N values, CDCs are plotted to
illustrate the relationship between the block size N and DFIy. CDCs
converge to a basin-specific asymptotic value for a large N (Reimann
etal., 2018). Accordingly, it is proposed by Stoelzle et al. (2020) that the
proportion of delayed flow stays nearly constant, beyond a certain
Nmax, even if N is further increased (N > Nmax). This threshold,
“Nmax”, effectively represents the maximum delay for all contributing
sources within the basin. For cases where N exceeds 60 days, the CDCs
tend to flatten, indicating that 60 days are sufficient to capture all
annual minimum flows across the basins, and increasing the N value no
longer significantly changes the results of the delayed flow analysis, thus
the Nmax is set to 60 days. A decrease in the slope of the CDC indicates a
transition from faster to slower contributing sources (stores) in the basin
(Stoelzle et al., 2020). Such specific values of N are defined as break-
points splitting the CDCs into piecewise linear segments with different
slopes (Miller et al., 2015). The CDC is divided into several segments
with Nmax and two breakpoints, each segment representing different
types of delayed flow. In addition, based on the DFI at specific points, the
contribution ratio of each delayed flow category to the streamflow is
quantified.
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Step 4: The delayed contributions to streamflow are classified into
the following four delayed classes and quantified as the ratio of each
component to the total annual streamflow (ranging between 0 and 1) for
each class. Therefore, the four classes are calculated as:
Ds(short-delay class) = DFIy —DFIgp;; D;(intermediate-delay class) =
DFlIgp; —DFlgpo; D (long-delay class) = DFlgps —DFlgg; Dy (
baseline-delay class) = DFlgy. Streamflow contributions in each
delayed class are then calculated based on the basin-specific average
streamflow (Stoelzle et al., 2020). The four types of delayed flow con-
tributions are as follows. Short-delay flow (Q): Flow between no delay
(N = 0, equivalent to the original flow series) and the first breakpoint
BP1, which represents faster-responding water sources, such as near-
surface runoff or transient groundwater contributions. Intermediate-
delay flow (Q;): Flow between two breakpoints, reflecting water sour-
ces in the basin with intermediate delays, such as certain groundwater
flows or snowmelt contributions, whose response times lie between
those of short-delay and long-delay flows. Long-delay flow (Q;): Flow
from the second breakpoint BP2 to N = 60 days. This type of flow rep-
resents longer time-scale water source contributions, which have a
longer response time to precipitation events. Baseline-delay flow (Qy):
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the time series satisfies statistical properties and underlying assump-
tions, various tests are conducted to analyze different characteristics of
the time series (section S1.4). The copula estimation based on pseudo
copula data requires that the data be iid. However, this is not the case
with multivariate time series data, which exhibit heteroscedasticity and
autocorrelation, making them unsuitable for standard copula modeling
without prior transformations (Czado and Nagler, 2022). Therefore,
before constructing a copula model, it is essential to choose a marginal
distribution for the time series model. To eliminate conditional hetero-
scedasticity and autocorrelation, the ARMA(p,q)-GARCH(1,1)-7 model is
selected to construct the marginal distributions, and then, the optimal
Vine copula structure is chosen to establish the joint CDF for the four
delayed flows (Mejdoub and Ghorbel, 2018). The ARMA(p,q)-GARCH
(1,1)-7 model assumes that the error terms follow a Student’s t-distri-
bution. The ARMA(p,q) component captures the short-term de-
pendencies within the time series, while the conditional variance
(volatility) of the time series is constructed by the GARCH(1,1). The
assumption of a skewed 7 distribution is utilized to handle the thickness
of the tails in the data (the occurrence of extreme values) (Ling and
McAleer, 2003), expressed as:

Tit = Qo + @1Li1 X Lig-1 + oo + @plip X Ligp + 6181 X € -1 + ... + 0qiq X Eig-q + Eix

Eit = Oit X Pi¢
u; skewed t(skew;, shape;)
2 2 2
0" = @i + Qg X €1 + Pig X Oie1

Equal to the DFIg value (N = 60 days), this flow represents the slowest
water source contributions, typically associated with deep groundwater,
which maintains the stability of flow during dry periods. Through
delayed flow separation, the formation mechanism of the FDC shape and
the variations in different segments of the FDC are better understood and
explained.

3.2.2. Capturing the dependence of delayed flows

The FDC is understood to be the complementary Cumulative Distri-
bution Function (CDF) of the observed streamflow, and the CDF of the
observed streamflow can be approximated by the joint CDF of four
delayed flows (Eq. (4). The accuracy of the predicted FDC is enhanced
through an effective dependency structure among these four delayed
flows. The joint CDF of four delayed flows (derived from the predicted
streamflow) is quantified through a Vine copula structure (Eq. (5).

G(q) = G(q,9;9,9) @)

G(45.9;,41.9) = C(Go,(a5): Go, (1), G (1), Go, (a5)) &)

where Qs, Q;, Q;, and Q, are random variables representing the short-,
intermediate-, long- and baseline-delay flow, respectively. G(q) is the
CDF of the observed streamflow, and G(q, q; q; qp) is the joint distribu-
tion function of four delayed flows. G, (qs) is the CDF of short-delay
flow. G, (q;) is the CDF of intermediate-delay flow. Gg,(q;) is the CDF
of long-delay flow. G, (q;,) is the CDF of baseline-delay flow and C is a
copula function that quantifies the joint CDF of Gg,(qs)
,Go,(g;), Go,(qp) and G, (qy). More information for the Vine copula is
provided in the Supporting Information (section S1.5). Modeling the joint
distribution through the Vine copula structure involves three main steps:
Estimating the marginal distributions of the four delayed flows (assumed
to be independent and identically distributed, iid); selecting the optimal
Vine copula structure; calculating the joint distribution of the four
delayed flows through the Vine copula structure.

Step 1: Transforming delayed flow data into a time series format
enhances the capability for trend and seasonal analyses. To ensure that

©

where the return series r;  is modeled with an ARMA(p, q) model with
parameters ¢, ..., @, and 01, ...,0q; & is the residual of the return se-
ries; o,  is the conditional variance (or standard deviation) at time t; y; ,
is used to represent the location parameter of the skewed  distribution.
Skewness and kurtosis are captured through the skewed 7 distribution
with parameters skew; and shape;; w;, ai¢ and f;; are parameters of
the GARCH(1,1) model.

Step 2: Residuals and conditional variances are extracted from the
fitted ARMA(p,q)-GARCH(1,1)-z model. Model residuals represent the
error terms after accounting for the mean and volatility of the time se-
ries, while conditional variances reflect the volatility of the time series at
different time points. By dividing each residual following its corre-
sponding conditional variance, standardized residuals are obtained,
thereby removing the effects of volatility, and providing a standardized
data basis for subsequent estimation of marginal distributions. To
determine whether the ARMA(p,q)-GARCH(1,1)-z model has success-
fully eliminated the effects of autoregressive conditional hetero-
scedasticity and autocorrelation, the standardized residuals and their
squared values are subjected to the Ljung-Box (LB) test and the ARCH-
LM test. The detailed procedure and results of the tests are docu-
mented in Appendix B. The results indicate that after employing the
ARMA(p,q)-GARCH(1,1)-r model, the percentiles of the FDCs (the
different parts of the streamflow) are iid. Then, the Empirical Cumula-
tive Distribution Function (ECDF) is applied to the standardized re-
siduals, mapping the residuals to values in the [0,1] interval as estimates
of marginal distributions. Through ECDF, each standardized residual is
transformed into its relative position within its distribution, and these
relative position values can be directly used for constructing copula
models.

Step 3: Before applying the copulas, the dependence between the
variables must be investigated through Kendall’s tau (Dehling et al.,
2017), the Akaike Information Criterion (AIC) and the Bayesian Infor-
mation Criterion (BIC) are applied to evaluate multiple copula families
for each pair of variables. Both AIC and BIC are statistical measures
commonly used to evaluate and compare the goodness of fit of statistical
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models, while avoiding overfitting (Lin et al., 2017). Vine copula
structures with lower information criteria are considered superior, as
they provide a good fit to the data while maintaining structure simplicity
(Czado and Nagler, 2022). Then, Kendall’s tau is utilized to estimate the
copula parameters, for any given pair of variables X and Y, the calcu-
lation formula for Kendall’s Tau is as presented in Eq. (7). Besides,
employing the relationship between Kendall’s Tau and copula parame-
ters within copula theory (Eq. (8), Kendall’s Tau value is converted into
parameters for a specific copula model through an inverse trans-
formation. Here, n represents the number of observation pairs; C(u, v) is
the bivariate copula function; u and v is the CDF of the marginal
distributions.

2 i .
T = n—(n— 1 ;mgn(xi-xj) X 51gn(yi-yj) @
c—4 // C(u, v)AC(u, v)-1 ®

Step 4: Vine copula utilizes a series of tree structures (R-Vines) to model
complex dependencies in multidimensional data. Each tree represents a
layer of dependency, with the first tree defining the basic dependencies
between variables, and subsequent trees modeling conditional de-
pendencies. Each edge corresponds to a bivariate copula, which is
applied to describe the dependency between two variables (or combi-
nations of variables) (Coblenz, 2021). Based on the selected optimal
Vine copula structure, conditional distributions are constructed layer by
layer. By integrating the marginal distributions with bivariate copulas,
the joint CDF of the four delayed flows is calculated. In the first layer
(Treel), the joint CDFs for pairs of variables are calculated through the
specified copula function. For example, the relationships between
(u,uz), (ug,us) and (us,uy) are expressed as Cja(up,up),
Cz3(uz,u3) and Cs4(us,us). Then, conditional CDFs are computed for
the connected pairs from the first tree, such as: Cy3(ur,usluz) and
Ca4j3(u2, usjus), where the calculations for these conditional probabili-
ties are detailed in Eq. (9). Finally, under the conditions set by Tree2, the
highest-order conditional CDF, Cj4j23(u1,u4|uz,us3), is calculated. The
formula for the joint CDF of u;, up, us and u4 is shown in Eq. (10), and
the exceedance probability along the horizontal axis of the FDC is
determined by the equation: Exceedance probability = 1-G
(5,9, 91,9 )- The vertical axis of the FDC represents predicted streamflow
values, arranged from highest to lowest. Each streamflow value is con-
nected to its corresponding probability point, forming the FDC, more
descriptions of the process-based mixture copula model are presented in
Supporting Information (section S1.3)).

Ci223(ug, up,us)

Cizp(ur, uslup) = Calua) )
C(uy,uz,u3,u4) =Cj2(us,uz) x Ca3(uz,uz) x Cga(us,uy)
X C13\2(U1,113|u2)><c24\3(112-,u4|u3) X C14‘23(u1,u4|u2,u3) 10)

3.3. Bayesian-based parameter estimation for copula model

An inverse Kendall tau transformation, as a non-parametric statisti-
cal method, removes the necessary for strict assumptions regarding the
distribution of data, thus broadening the estimated copula parameters’
applicability, however, the accuracy of the estimation results may be
affected when the data structure is complex (Dehling et al., 2017).
Bayesian-based parameter estimation, integrates prior knowledge with
observed data, thus enabling the provision of relatively accurate esti-
mates even when sample sizes are small. In addition, the capability to
handle models with complex data structures is facilitated through
MCMC numerical methods. As a result, copula parameters are estimated
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through Bayesian-based parameter estimation and compared with the
inverse Kendall tau transformation-based parameter estimation to
construct more precise FDCs (Hill and Spall, 2019; Krapu and Borsuk,
2022). Bayesian-based parameter estimation consists of the following
steps.

Step 1: For each copula function parameter in Bayesian analysis, a
prior distribution is established to represent initial understanding. When
specific information about a parameter’s prior distribution is lacking, a
flat uniform prior that states there is an equal probability of any
parameter value within the parameter’s physiological ranges is adopted
(Eq. (11) (Gelman et al., 2017). a is the parameter of the copula func-
tion, the upper and lower bounds of all kinds of copula parameters are
listed in Table S2. P(a) represents the prior distribution of copula pa-
rameters (uniform in our case).

1
Pla)= ——— an

Qmax~Amin

Step 2: In general, if a model could produce good estimates for one or
several process behaviors, the residual between the actual measure-
ments and their corresponding estimates is expected to follow a
Gaussian distribution, or at least be much closer to a Gaussian distri-
bution compared to the original measurements (Tong et al., 2019).
Based on this argument, if assuming error residuals (The difference
between the copula predicted probability values, di(a), and the joint
probability of input variables,d;) are uncorrelated, Gaussian distributed
with a zero mean and a constant variance (homoscedastic), the likeli-
hood function could be defined as:

L(alD) = ]f[\/%exp{-%aﬂ[a-di(a)lz } 12

Where & is an estimate of the standard deviation of measurement error,

P(D|a)

14

which can be dynamically estimated during MCMC simulations. P(13|a)
denotes the likelihood function, and D denotes the empirical joint
probability vector. Appropriate assumptions about residuals enhance
the robustness of statistical models used for parameter estimation,
increasing their tolerance for outliers. (Nolan et al., 2021). Moreover,
through comparing the actual residuals with the assumed distribution,
the applicability of these statistical models is validated. A good match
between the residuals and the assumed distribution indicates that the
models are appropriately set. If discrepancies are found, however, it may
be necessary to adjust the models or revise assumptions about the re-
siduals (Linden et al., 2022). Further clarification is warranted here; no
assumptions are imposed on the posterior distribution of parameters.
The assumptions of “homoscedasticity, no correlation, and Gaussian
distribution with mean zero” only apply to the distribution of error re-
siduals which is used to construct the likelihood function that summa-
rizes the distance between observations (empirical bivariate probability
values) and model simulations (copula predicted bivariate probability
values) into a single scalar.

Step 3: Bayesian analysis is applied to calculate the posterior prob-
abilities of the parameters, combining the prior distribution and the
likelihood function (Eq. (13). Due to the Bayesian equation being diffi-
cult to solve analytically, a hybrid-evolution MCMC approach (Fig. S3) is
developed to sample from the posterior distribution to delineate the
posterior parameter region (Sadegh et al., 2017). Before initiating
MCMC simulations, intelligent prior sampling is utilized to identify the
most likely samples to serve as starting points for the Markov chains
(Wolf et al., 2021). Specifically, LN (>N) samples are extracted from the
prior distribution through Latin Hypercube Sampling (LHS). These
samples are then randomly distributed among N complexes. Within each
complex, the sample demonstrating the optimal value is chosen as the
starting point for a Markov chain. Here, LN represents the number of
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samples drawn using LHS, and N denotes the number of Markov chains.
The intelligent prior sampling strategically initiates chains from points
with the highest likelihood of success, thereby enhancing the overall
acceptance rate of the simulations. Then, adaptive metropolis (Haario
et al., 2001), differential evolution (Pant et al., 2020), and snooker
update (Ter Braak and Vrugt, 2008) algorithms are employed to search
the feasible space, thereby increasing sample diversity and improving
sampling efficiency (A detailed introduction to the hybrid-evolution

MCMC method is in Supporting Information (section S1.6)). P(D) is the
evidence, and P(a\f)) denotes the posterior distribution of copula

parameters.

P(a\ﬁ) = M«P(ﬁ\a) x P(a) 13)

P(D)

Step 4: Quantile-Quantile plots (QQ plots) are utilized for the posterior
evaluation of residual assumptions. Specifically, the quantiles of the
residuals are compared to the quantiles of a theoretical distribution. If
the data points in the QQ plot align approximately along the 45-degree
line, the distribution of residuals is consistent with the assumed theo-
retical distribution, suggesting that the assumptions are reasonable.
Significant deviations from this line suggest that the distribution of re-
siduals does not match the assumed distribution, adjustments to the
statistical model or its residual assumptions are necessary. Several
goodness of fit measures are employed to evaluate the performance of
copula parameters, including the likelihood value (Eq. (12), RMSE, and
NSE. A parameter set that provides the maximum likelihood minimizes
the residuals between model simulations and observations. It therefore
provides, in this sense, the best fit for the observed data. NSE and RMSE
are widely recognized as measures of goodness of fit, focusing on the
minimization of residuals. The parameter sets that achieve the highest
goodness of fit are selected, with their 95 % uncertainty range deter-
mined. These are then subjected to a detailed uncertainty analysis (as
detailed in Appendix C) (Li et al., 2013). Estimated copula parameters
are applied in the computation of the CDF within a Vine copula structure
(this step is detailed in section 3.3.2), thereby constructing the FDC for
ungauged basins.

3.4. Copula model evaluation with streamflow segmentation

The performance evaluation of the mixture copula model includes
(1) the analysis of its effectiveness across various streamflow segments
and (2) the assessment of the applicability of the mixture copula model
in different periods, employing four performance metrics, including a
four-segment flow duration curve with the RMSE. Their detailed de-
scriptions are listed in Table S1 (Pfannerstill et al., 2014; Yilmaz et al.,
2008). RMSE is noted for its ability to sensitively detect both extremely
positive and negative errors, making it an essential tool for identifying
unsatisfactory model performance (Singh et al., 2012). Both the four-
segment flow duration curve and RMSE are applied in analyzing the
operational performance of the mixture copula model across various
segments (extremely low, low, medium, and high streamflow) of the
FDC, RMSE low is utilized to assess the FDC segment above Q,
reflecting river flow levels under nonextreme but drought conditions.
Accurate prediction for this low streamflow is crucial for water quality
management, ecosystem maintenance, and the formulation of ground-
water recharge strategies. RMSE_mid for the FDC segment between Q,q
and Q, characterizing the river’s normal flow state, which is crucial for
the planning and management of water resources. RMSE_5 and RMSE_20
serve as metrics designated to evaluate the FDC segments below Qs and
between Qs and Q,, respectively, associated with extreme hydrological
events. In addition, the differences in these metrics between the cali-
bration period and the validation period are adopted to assess the
applicability of the mixture copula model (Broderick et al., 2016; Shen
et al., 2022).
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4. Results
4.1. Hydrological similarity-based regionalization

The results of the regionalization method in hydrological model
parameters transfer are presented in Supporting Information (section
S2.1), and the performance of the hydrological similarity-based
regionalization method for streamflow prediction is detailed in Fig. 4
and Table 2. Table 2 demonstrates a good fit between simulated and
observed streamflow, indicated by NSE values around 0.8. In addition,
the variability in NSE values between calibration and validation periods
is approximately 3 %, suggesting that the performance of the regional-
ization method is satisfactory. Due to generally diminished sensitivity to
short-term meteorological changes, low streamflow exhibits stability
and coherence (Hannaford et al., 2013), applying the regionalization
approach, allows for the effective extraction and transfer of parameters
from basins with hydrological similarity, the closer clustering of data
points around the diagonal in low streamflow proves the enhanced
reliability of predictions for normal flow events, as shown in Fig. 4.
However, the scatters are quite distant from the 1:1 line, indicating
limitations in the accuracy of the hydrological modeling forecast. These
discrepancies may be due to several factors, including data limitations
such as poor quality or insufficient input data, parameter uncertainties,
as well as oversimplified model structures that fail to represent complex
hydrological processes (Engeland et al., 2016). In addition, the cali-
bration of hydrological models typically assumes that parameters
remain constant throughout the calibration period (Seibert et al., 2019;
Zhou et al., 2021). In the N05582000 basin in central Illinois’ Salt Creek,
the Bias value is 98 % higher than the average, and the MAE exceeds the
average across all basins by 50 %. Additionally, significant deviations
are observed in the predictions of high streamflow. The confluence of
multiple tributaries like Addison Creek and Spring Brook, complexity in
streamflow patterns may increase prediction uncertainty, on the other
hand, the DuPage County Stormwater Management Website (https://ec.
dupagecounty.gov/SaltCreek/SaltCreek.aspx) acknowledges the possi-
bility of inaccuracies in gage data, further complicating these predictive
efforts. Additionally, the small CI_width and Uncertainty% in Table 2,
with minimal variation across different assessment periods, suggest
consistent model reliability and precision. In sum, the hydrological
similarity-based regionalization method demonstrates effectiveness and
robustness in estimating hydrological model parameters for these
ungauged basins, particularly in normal and low streamflow. Further-
more, the accurate prediction of streamflow in ungauged basins enables
the constructed FDC to reflect the distribution and variability of
streamflow comprehensively. Despite initial discrepancies existing, the
subsequent application of a process-based mixture copula model attri-
butes the shape of FDCs to physical processes, thereby capturing the
complex interdependencies among various streamflow phases, and
enhancing the accuracy and reliability of FDCs.

4.2. Construction FDC through a process-based model

4.2.1. Construction of FDC coupling the dependency of delayed flows
Understanding the components of streamflow is essential for eluci-
dating the mechanisms that shape FDCs and their variations across
different segments. Delayed flow separation has been utilized to cate-
gorize the predicted streamflow into four components, and an analysis of
the variability in delayed contributions to streamflow across ungauged
basins during both calibration and validation periods is detailed in
Supporting Information (section S2.2). After identifying the four delayed
flows, the Vine copula structure was employed to model their depen-
dence, and detailed results on the construction of the Vine copula are in
Supporting Information (section S2.3). As shown in Fig. 5, the develop-
ment of the mixture copula model for constructing FDCs across various
basins highlights the significant influence of physical factors on the
shape of the FDC. For instance, the N03274000 basin, situated in
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Fig. 4. The comparison between simulations and observations during calibration and validation periods in nine ungauged basins, the black dotted line represents the
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Table 2

The summary of the statistics of hydrological model evaluation indices for different basins during calibration and validation periods, including the NSE, BIAS, MAE,

CL_width, and %Uncertainty.

Station Calibration period (1982-1995) Validation period (1996-2000)
NSE BIAS MAE CLwidth %Uncertainty NSE BIAS MAE CLwidth %Uncertainty

N01541000 0.653 0.379 0.877 0.086 45.690 0.673 0.443 0.896 0.150 44.975
N05454500 0.789 0.869 0.574 0.054 43.320 0.862 0.156 0.436 0.067 44.615
N06606600 0.664 0.101 0.381 0.025 43.342 0.739 0.763 0.184 0.017 47.018
N07068000 0.800 0.093 0.556 0.028 20.640 0.653 0.117 0.413 0.042 26.924
N03079000 0.644 0.414 0.859 0.067 40.580 0.685 0.528 0.942 0.040 24.820
N05582000 0.989 1.708 0.939 0.019 26.057 0.965 1.694 0.997 0.040 24.820
N02126000 0.987 0.467 0.981 0.069 26.335 0.965 1.206 0.764 0.104 30.718
N03274000 0.783 1.304 0.67 0.040 30.631 0.699 1.496 0.76 0.074 30.718
N03159500 0.670 1.135 0.6 0.075 41.788 0.618 1.27 0.625 0.141 40.128

western Ohio’s hilly terrain, features steep slopes that expedite precip-
itation accumulation and upstream runoff, resulting in a steeper FDC.
Seasonal growth variations influence evapotranspiration rates and sur-
face runoff. In the N06606600 basin, surface runoff is reduced in the
summer’s abundant vegetation, exhibiting a gradual FDC at low
streamflow, while reduced vegetation cover in autumn and winter may
lead to increased runoff and a steeper FDC in mid to high streamflow
(Chouaib et al., 2018; Ye et al., 2012).

Fig. 5 illustrates the results of constructing FDCs in ungauged basins.
Preliminary analysis suggests that the FDCs when constructed using a
mixture copula model, align more closely with observed FDCs compared
to those derived directly from predicted streamflow. This demonstrates
that the application of the mixture copula model corrects biases in
streamflow prediction generated by the hydrological similarity-based
regionalization method. Such effectiveness may be attributed to the
model’s capability to capture the complex multidimensional depen-
dence of multiple delayed flows within a basin. In the majority of the
study cases, FDCs constructed through the mixture copula model, which
employs Bayesian-based estimation for copula parameters, demonstrate
a closer alignment with the observed FDCs than those derived through
inverse Kendall tau transformation-based copula parameter estimation.
During the validation period, this model enhances the accuracy of the
constructed FDCs more than during the calibration period, highlighting
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its generalizability and robustness across different periods within these
basins. However, Fig. 5a and 5b indicate that in the N03274000 and
N05582000 basins, significant discrepancies remain between the con-
structed and observed FDCs, with the mixture copula model leading to
minimal accuracy improvements. The minimal enhancement in preci-
sion mainly arises from structural limitations within the hydrological
model, which impact the streamflow predictions in these two basins and
then, the accuracy of the constructed FDCs. In sum, throughout both the
calibration and validation periods within these basins, the mixture
copula model has corrected biases in the predicted streamflow, thereby
improving the accuracy of the constructed FDC, especially in the middle
streamflow (20-70th exceedance probability of FDC).

4.2.2. Model evaluation considering various streamflow segments

To evaluate the effectiveness of the mixture copula model in gener-
ating FDCs across various streamflow segments, a detailed analysis of
Table Al is undertaken. In most study cases, the FDC directly calculated
from the predicted streamflow has RMSE_mid and RMSE_low values
around 1 mm/d, and when constructed through the mixture copula
model, the RMSE_low and RMSE_mid are both around 0.5 mm/d,
detailly, RMSE_mid decreases by approximately 60 %, and RMSE _low
decreases by about 90 %. In addition, Bayesian-based copula parameter
estimation generally results in lower RMSE_low and RMSE_mid
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against the observed FDCs. b, Comparison during the validation period.

compared to inverse Kendall tau transformation-based parameter esti-
mation, indicating that Bayesian-based copula parameter estimation
achieves superior prediction accuracy in these streamflow segments,
highlighting its efficacy in capturing the dynamics of various streamflow
patterns. In very high (below 5th exceedance probability of FDC) and
high streamflow (5-20th exceedance probability of FDC), the regional-
ization method based on hydrological similarity needs to accurately
simulate and predict rapid streamflow changes within short time scales.
It is a challenge for the regionalization method, resulting in larger errors
in streamflow prediction and, therefore in FDC construction, the
RMSE_5 and RMSE_20, which correspond to RMSE_mid and RMSE low,
show significant increases. However, as shown in Table Al, after
applying the mixture copula model, RMSE_5 and RMSE_20 decreased by
approximately 70 %, showing that the mixture copula model is able to
correct these errors. In most study cases, the mixture copula model ex-
hibits superior accuracy and robustness, capable of maintaining or
enhancing its predictive performance across calibration and validation
periods. In certain exceptional instances, such as due to the absence of
flow data in the high streamflow of the N05582000 basin, RMSE values
are missing for both the FDC directly calculated from the predicted
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streamflow and the FDC constructed through the mixed copula model. In
the N03274000 basin, an increase in RMSE values during the validation
period, as compared to the calibration period, has been observed. This
increase could be attributed to the basin incorporating new hydrological
conditions not observed during the calibration period, or to changes
within the basin that influence flow patterns (such as changes in land use
and construction of water management facilities). In sum, the mixture
copula model has exhibited good robustness and stability for con-
structing FDC during various periods, significantly in low and middle
streamflow, with Bayesian-based copula parameter estimation proving
effective.

5. Discussion

5.1. Application of the FDC model in the Hanjiang River basin for
comparative analysis

Spring snowmelt and seasonal precipitation are identified as the
main factors influencing seasonal flow variations in the selected MOPEX
basins, with monsoon precipitation playing a minimal role (Ghotbi et al.,
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2020Db). The application of the mixture copula model to construct FDC in
these basins, situated in the Mid-Eastern United States, may not
demonstrate the model’s adaptability or predictive accuracy across
diverse climatic areas. In MOPEX basins, disparities in FDCs constructed
from inverse Kendall tau transformation-based and Bayesian-based
parameter estimations for copula functions are insignificant, failing to
distinguish the effectiveness of these methods. Therefore, the necessity
to deploy the model in various basins for research is underscored. The
Hanjiang River is the largest tributary of the Yangtze River in China,
located in the monsoon region of the East Asia subtropical zone, the
primary drivers of streamflow seasonal variation and extreme

Journal of Hydrology 647 (2025) 132364

streamflow events differ across the MOPEX basins. By further applica-
tion of the mixture copula model to construct the FDC for the Hanjiang
River Basin and contrasting these with results from the MOPEX basins, it
is possible to evaluate the model’s applicability in monsoon climate
regions. Therefore, the proposed mixture copula model was developed
for three basins with different spatial scales in the Hanjiang River Basin,
including the Hanzhong River Basin, Mumahe River Basin, and Xunhe
River Basin as shown in Fig. 6a. The application results including the
results of the delayed flow separation and a summary of the estimated
parameters for the Vine copula structure at each node, are detailed in
Supporting Information (sections $2.2 and S2.3). Streamflow from 1980
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Fig. 6. a, Information on the Hanjiang River Basin. b, Comparative analysis of FDCs for ungauged basins during the calibration and whole periods. It contrasts FDCs
derived directly from predicted flows with those constructed using the mixture copula model, employing both inverse Kendall tau transformation-based and
Bayesian-based methods for copula parameter estimation, against the observed FDCs.
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to 1990 was employed. Nearly 73 % of the data samples (1980-1987)
were used for calibration, and the remainder (1988-1990) was utilized
to verify the developed model. Model application analysis was con-
ducted for both the calibration and the entire periods separately, due to
the short time series during the validation period.

The Hanjiang River Basin experiences distinct wet and dry periods,
leading to significant seasonal runoff variations, reflected on the FDCs as
differing slopes. For example, from Fig. 6b, during the wet period, the
precipitation brought by the monsoon is often intense and of short
duration, represented on the FDC as a rapid increase in flow within a
brief exceedance probability interval. In the dry period, a reduction in
precipitation leads to decreased streamflow, which in turn causes an
expansion of the FDC’s low streamflow. The comparison of FDCs for
three scenarios (FDC calculated directly from predicted streamflow,
FDCs constructed through the mixture copula model with inverse Ken-
dall tau transformation-based and Bayesian-based copula parameter
estimation) and observed FDC in nine basins is shown in Table A2.
Similar to the MOPEX basins, the FDCs derived from the mixture copula
model during both calibration and the entire period exhibit a closer
approximation to the observed FDCs than those directly calculated from
predicted streamflow. As demonstrated in Tables A1 and A2, within the
range of low to medium flows, the FDC constructed through the mixture
copula model in the Hanjiang River Basin shows a greater improvement
in accuracy compared to MOPEX basins. Specifically, the value of
RMSE _low in the Hanjiang River Basin decreased by an average of 90 %,
and in MOPEX basins, the average reduction in RMSE low is 65 %.
However, at high streamflow levels, RMSE_5 indicates that the mixture
copula model does not demonstrate strengths in simulating extremely
high streamflow rates, similar to the performance observed in MOPEX
basins. Notably, when the validation period is included, the mixture
copula model demonstrates significant advantages. In sum, the FDC
constructed through the mixture copula model, utilizing Bayesian-based
copula parameter estimation, aligns more closely with observed FDCs,
particularly within low to middle streamflow, thereby ensuring accurate
reflection of actual FDC shapes.

5.2. Comparative analysis of regional methods for FDC prediction in
ungauged basins

A novel framework integrating regionalization and process-based
methods is proposed to enhance the prediction of FDCs in ungauged
basins through deepening the understanding of the physical character-
istics governing FDCs. The framework’s potential has been explored in
MOPEX basins, in general, the framework showed high accuracy,
particularly for low to medium streamflow, and demonstrated superior
simulation precision during the validation period. However, due to
hydrological variations across basins, there are some discrepancies in
predictive performance. Traditional regionalization of FDCs is classified
into two main categories: (1) those derived from probability distribution
methods, which are statistical approaches, and (2) those that dismiss the
relationship between FDCs and probability theory (Castellarin et al.,
2004), which further divides into parametric approaches that use
analytical equations to derive FDCs, and graphical approaches that
employ standardized graphical representations of FDCs with regional
applicability (Castellarin et al., 2004). Fouad and Loaiciga (2020)
examined various variable selection methods to develop percentile flow
regression models across a large and representative sample of 918 basins
in the United States. They find that the best predictive performance for
percentile flows did not align with any single method, suggesting that
combining variable selection techniques, whether through ranking
variables or developing integrated models, enhances the regression
models for percentile flows. However, predictive performance was less
accurate for high and low percentile flows. In this study, a parameter
transfer method based on hydrological similarity is developed for pre-
dicting streamflow in ungauged basins. In addition, process controls of
FDCs are explored, including separating predicted streamflow into
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multiple delay flows to model their interdependencies separately and
then integrating them through a Vine copula structure to construct
FDCs. In these regards, this approach enhanced the understanding and
prediction of basin responses to hydrological events and the role of
various hydrological processes in the total streamflow, also biases in
FDCs derived directly from predicted streamflow are effectively cor-
rected, maintaining high accuracy in high and low percentile flows.

Moreover, current approaches that enhance the understanding of
hydrological processes either utilize stochastic characterization of
streamflow time series or process-based models to analyze processes and
reconstruct FDCs (Leong and Yokoo, 2021). Botter et al. (2007) devel-
oped an analytical probabilistic model based on baseflow probability
modeling to characterize streamflow responses. The model focuses on
the slow percolation process, which is influenced by the frequency dis-
tribution of the percolation component (modeled with a Gamma dis-
tribution). The study illustrates that simple but significant parameters
related to soil moisture dynamics, decay time constants, and steady-state
precipitation events are instrumental in reproducing the baseflow
component of FDCs, controlled by the ratio of baseflow frequency to
decay time constants. The understanding of the interactions between
climate and catchment relationships is significantly advanced through
the probabilistic approach. However, this approach, like other similar
process-based modeling approaches (Blum et al., 2017), incorporates a
simplified assumption of spatial homogeneity within basins (Hermans
et al., 2023), which may compromise the model’s universality compared
to empirical approaches. For instance, Poisson rainfall inputs assume
constant parameters applicable to the assigned season, neglecting the
carryover of seasonal soil moisture. This restricts the framework’s
applicability outside the wet season, resulting in limited capability to
address seasonal variations, thereby impacting the derivation of annual
FDC in highly seasonal basins (Yaeger et al., 2012). With respect to this,
the developed framework is applied to MOPEX basins with significant
seasonal variation. The framework incorporates a comprehensive set of
hydrological indicators that are closely related to seasonal changes in
streamflow, enhancing predictions based on hydrological similarity. It
demonstrates strong predictive performance, particularly during the
validation period, where there was a significant improvement in the
accuracy of the predicted FDCs.

5.3. Limitations and future research

There are still some limitations in the current work that need to be
further studied and explored in future work. (1) The regionalization
method based on hydrological similarity, leaves out groundwater level
fluctuations due to data constraints, potentially affecting clustering re-
sults. For this reason, integrating descriptors of groundwater level var-
iations is essential for future research. (2) The examination of the
mixture copula model concentrated on deterministic prediction, utiliz-
ing four delayed flows for enhanced FDC prediction in ungauged basins,
beneficial for water resource management. However, model evaluation
needs to account for uncertainties in inputs, parameters, and structure.
Research into quantifying these uncertainties is a future direction.

6. Conclusions

FDCs are crucial for depicting streamflow behavior within basins.
The accuracy and applicability of FDCs, however, are affected by the
lack of data in ungauged and poorly gauged basins. Guided by this
consideration, this study introduces a novel framework aimed at
enhancing predictions of FDCs in ungauged basins by deepening the
understanding of the physical characteristics governing FDCs. The
framework has been successfully applied to the MOPEX basins, also, to
evaluate the applicability of the framework’s process-based approach in
monsoon climate regions, the approach is further discussed in the
Hanjiang River Basin.
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e A regionalization method based on hydrological similarity is
designed to estimate the hydrological model parameters in ungauged
basins, thereby enabling streamflow prediction. The ensemble
method is better equipped to handle the complex interactions and
nonlinear relationships among basin characteristics. The NSE values
between predicted and observed streamflow in the calibration period
and validation periods are mostly approximately 0.76, indicating the
hydrological similarity-based regionalization method is both effec-
tive and robust in estimating parameters for the hydrological model.
The constructed FDC thus accurately represents the distribution and
variability of streamflow within ungauged basins.

e To improve the accuracy of FDC predictions in ungauged basins and
deepen comprehension of the process controls influencing the shape
of FDCs, a mixture copula model has been constructed. This model
explores process controls of FDCs, including dividing the streamflow
into multiple delayed flows to model their interdependence sepa-
rately and later combining them to model the FDC through the Vine
copula structure. Applied to the MOPEX basins, it was revealed that
quantifying contributions from short-, intermediate-, long-, and
baseline-delay flows through delayed flow separation improves un-
derstanding and prediction of basin responses to hydrological events
and the roles of various hydrological processes in total flow. Also,
biases in the FDCs directly derived from predicted streamflow are
effectively corrected by the mixture copula model, thus demon-
strating the model’s enhanced accuracy of FDCs. Moreover, it has
been noted that the performance of the mixture copula model ex-
hibits significant improvement during the validation period, and
similar results have been observed in the Hanjiang River Basin.

e To further improve the accuracy of the predicted FDC, Bayesian-
based parameter estimation for the construction of Vine-copula
structures is developed. Application results from both the MOPEX
and Hanjiang River Basins show that the mixture copula model with
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Bayesian-based copula parameter estimation has exhibited good
robustness and stability for constructing FDC, particularly in low and
middle streamflow, as the ranges of RMSE_low and RMSE_mid are
respectively 0.015-0.78 mm/d and 0.047-1.313 mm/d.

In conclusion, this study has developed an effective framework for
predicting FDCs in ungauged basins. The results indicate that the
framework offers a reliable framework for predicting FDCs, attributing
the shape of the FDCs to physical processes. Future work will concen-
trate on integrating groundwater impacts for precise future hydrological
predictions and expanding the framework’s application to a wider range
of basins to assess its generalizability and adaptability.
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The summary of RMSE values for three scenarios: FDC calculated directly from predicted streamflow, FDC constructed by the mixture copula model (inverse Kendall
tau transformation-based and Bayesian-based copula parameter estimation methods) in the calibration and validation periods. RMSE values are categorized based on
different streamflow segments (exceedance probability below 5 %, 5-20 %, 20 %-70 %, and greater than 70 %).

FDC by the mixture copula model (inverse Kendall tau transformation-
based copula parameter estimation)

FDC by predicted

FDC by the mixture copula model
(Bayesian-based copula parameter

streamflow estimation)
Calibration  Validation Calibration  Validation  Calibration Validation
Station RMSE (mm/d)
N01541000 RMSE5 13.36 8.99 10.89 7.20 5.61 2.84
RMSE_20 1.57 1.13 0.54 0.13 0.66 0.32
RMSE_mid 0.26 0.39 0.22 0.38 0.15 0.22
RMSE _low 1.05 0.92 0.37 0.35 0.16 0.11
N02126000 RMSE_5 4.66 1.48 2.40 1.09 1.96 0.86
RMSE_20 1.25 0.56 0.70 0.40 0.72 0.40
RMSE_mid 0.30 0.06 0.10 0.05 0.18 0.09
RMSE _low 0.73 0.27 0.03 0.02 0.02 0.01
N03079000  RMSE 5 14.58 - 12.45 - 8.20 8.56
RMSE_20 3.27 3.32 2.60 3.15 2.04 1.66
RMSE_mid 0.17 0.47 0.41 0.81 0.41 0.57
RMSE _low 1.24 1.58 0.84 1.00 0.70 0.78
N03159500 RMSE_5 5.79 2.35 1.04 1.69 0.61 0.10
RMSE_20 1.94 1.30 0.59 0.87 0.16 0.33
RMSE_mid 0.82 0.59 0.21 0.11 0.09 0.16
RMSE _low 1.05 1.13 0.04 0.05 0.04 0.03

15

(continued on next page)



T. Lan et al. Journal of Hydrology 647 (2025) 132364

Table A1 (continued)

FDC by the mixture copula model (inverse Kendall tau transformation- FDC by the mixture copula model
FDC by predicted based copula parameter estimation) (Bayesian-based copula parameter

streamflow estimation)

N03274000  RMSE_5 6.16 5.73 4.14 2.91 2.34 2.34
RMSE_20 1.53 1.02 0.27 0.31 0.35 0.37

RMSE_mid 0.71 0.74 0.67 0.62 0.47 0.51

RMSE _low 1.50 1.50 0.55 0.52 0.38 0.37

N05454500 RMSE_5 9.46 14.92 2.63 4.78 1.87 1.42
RMSE_20 1.93 1.30 0.77 2.36 0.26 0.55

RMSE_mid 1.46 1.29 0.57 0.86 0.25 0.27

RMSE _low 1.84 2.49 0.18 0.28 0.08 0.09

N05582000 RMSE_5 13.30 13.42 7.66 7.25 5.16 5.89
RMSE_20 3.16 3.61 0.58 0.57 0.97 0.70

RMSE_mid 0.49 0.91 0.30 0.41 0.14 0.19

RMSE _low 2.43 3.07 0.38 0.42 0.11 0.18

N06606600 RMSE_5 13.34 17.02 6.03 9.08 4.45 5.78
RMSE_20 3.43 1.24 1.11 1.21 1.68 0.18

RMSE_mid 0.85 1.64 0.37 0.38 0.57 0.23

RMSE low 2.10 1.55 0.18 0.31 0.06 0.19

N07068000  RMSE_5 14.89 28.61 7.36 17.26 3.90 5.13
RMSE_20 2.74 1.81 0.79 1.76 0.31 0.14

RMSE_mid 0.94 0.87 0.77 0.96 0.12 0.12

RMSE _low 2.68 2.96 0.34 0.29 0.05 0.08

Table A2
The summary of RMSE values for three scenarios in the Hanjiang River Basin.

FDC by the mixture copula model (inverse Kendall tau transformation-based ~ FDC by the mixture copula model

FDC by predicted copula parameter estimation) (Bayesian-based copula parameter
streamflow estimation)
Calibration =~ Whole Calibration =~ Whole  Calibration Whole
Station RMSE(mm/d)
RMSE_5 - - - - - -
Hanzhong  RMSE_20 11.30 - 9.98 - 6.80 4.39
RMSE_mid 1.15 1.05 1.24 1.86 1.06 1.45
RMSE _low 2.43 2.41 4.37 3.92 5.82 5.04
Mumahe RMSE_5 44.14 12.86 27.28 34.33 36.39 19.89
RMSE_20 3.88 2.00 2.03 1.03 4.79 0.62
RMSE_mid 0.93 1.31 0.66 0.62 0.80 0.48
RMSE _low 0.37 0.13 0.057 0.06 0.09 0.15
Xunhe RMSE_5 21.57 5.71 18.42 18.35 13.29 11.82
RMSE_20 4.43 0.29 2.56 2.36 1.04 0.99
RMSE_mid 0.66 0.23 0.13 0.15 0.17 0.13
RMSE _low 0.21 0.04 0.17 0.19 0.032 0.03
Appendix B

The Ljung-Box test is a statistical test used to determine whether there is significant autocorrelation at lag k in a time series (Uyanto, 2020). The LB
test applied to the residuals of an ARMA(p,q) model checks for any remaining autocorrelations in the residuals that the model did not account for. The
statistic Q(m) is calculated as follows:

m

Qim) = T(r +2) Y B a0

where p; represents the autocorrelations of the residuals at lag i. The null hypothesis (HO) states that all autocorrelations up to lag m are zero. HO:5;, =
By = ... = p,, = 0, B, represents the coefficient of a;%:

a’ =y +Arac’ + ...+ Ppdem> + & (15)

wheret=m+ 1..., T, Q(m) is derived from residuals rather than direct observations. Hence, the degrees of freedom for this statistic are adjusted to
m-p-q. H1: There exists at least onef, # 0, for k < m. In this study, the lag order m is set to 20 to test for autocorrelation up to the 20th lag. Under the
null hypothesis, the test statistic Q(m) follows a chi-squared distribution with m degrees of freedom. At a significance level a, the rejection region is
definedas Q > y;_,m
rejection suggests the presence of autocorrelation. ARCH-LM refers to Engle’s LM test for ARCH effects in residuals, which is used to detect the

2 (where the p-value is less than 0.05). Accepting the null hypothesis implies that the series is considered white noise, whereas
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presence of autoregressive conditional heteroskedastic effects in time series data (Sjolander, 2011). For selected MOPEX basins, the results for the
calibration and validation periods in Tables A3 and A4 show the Ljung-Box (LB and LB2) test p-values (>0.9) are not significant, proving no serial
correlation in the squared residuals. Similarly, non-significant p-values in the ARCH-LM test suggest the absence of GARCH effects in model residuals,
confirming the appropriateness of copula modeling under assumptions of homoscedasticity and no autocorrelation.

Table A3
Assessment results for four delayed flows in selected MOPEX basins in the calibration period.
Station Test Short-dealy Intermediate-dealy Long-dealy Baseline-dealy
N01541000 LB 7.65[0.86] 2.27[1.00] 3.04[0.78] 0.01[1.00]
LB2 1.85[0.87] 0.08[1.00] 0.55[1.00] 0.07[1.00]
ARCH-LM 1.36[0.69] 0.06[0.99] 0.04[1.00] 0.05[0.99]
N02126000 LB 2.34[0.76] 2.51[0.81] 7.51[0.98] 2.06[1.00]
LB2 0.31[0.99] 2.45[0.84 0.08[1.00] 0.01[1.00]
ARCH-LM 0.24[0.99] 2.12[0.79] 0.05[0.99] 0.01[1.00]
N03079000 LB 5.65[0.81] 6.60 [0.83] 4.41[0.86] 0.32[1.00]
LB2 1.90[0.92] 0.24[0.99] 1.29[0.93] 0.14[1.00]
ARCH-LM 1.51[0.82] 0.17[0.99]1 2.32[0.94] 0.10[1.00]
N03159500 LB 7.51[0.85] 1.39[0.82] 4.14[0.81] 1.91[1.00]
LB2 3.42[0.87] 0.52[0.99] 2.12[0.88] 0.03[1.00]
ARCH-LM 2.55[0.80] 0.36[0.99] 2.31[0.85] 2.32[1.00]
N03274000 LB 3.60[0.91] 3.94[0.88] 3.91[0.84] 3.16[0.86]
LB2 2.14[0.93] 1.99[0.94] 1.22[1.00] 0.08[1.00]
ARCH-LM 1.98[0.83] 2.32[0.82] 0.01[1.00] 0.01[1.00]
N05454500 LB 2.55[0.91] 3.39[0.84] 3.48[0.83] 0.03[1.00]
LB2 0.18[0.99] 0.91[0.98] 2.05[0.91] 0.01[1.00]
ARCH-LM 0.13[0.99] 0.23[0.99] 2.31[0.92] 0.01[1.00]
N05582000 LB 3.67[1.00] 3.29[0.71] 2.49[0.81] 2.92[0.91]
LB2 0.02[1.00] 3.21[0.72] 0.04[1.00] 0.05[1.00]
ARCH-LM 0.02[1.00] 2.11[0.81] 0.02[1.00] 0.01[1.00]
N06606600 LB 2.18[1.00] 2.85[0.80] 0.01[1.00] 2.93[0.82]
LB2 0.01[1.00] 1.17[0.98] 0.01[1.00] 1.99[0.91]
ARCH-LM 0.01[1.00] 0.81[0.94] 0.01[1.00] 2.13[0.93]
N07068000 LB 3.51[0.81] 1.25[0.95] 1.36[0.91] 0.34[1.00]
LB2 0.25[0.99] 1.12[0.96] 1.17[0.95] 0.01[1.00]
ARCH-LM 0.20[0.99] 1.56[0.93] 1.54[0.94] 0.01[1.00]
Table A4
Assessment results for four delayed flows in selected MOPEX basins in the validation period.
Station Test Short-dealy Intermediate-dealy Long-dealy Baseline-dealy
N01541000 LB 2.19[0.85] 1.52[0.94] 1.63[0.92] 0.01[1.00]
LB2 1.05[0.98] 1.74[0.93] 1.35[0.94] 0.01[1.00]
ARCH-LM 0.76[0.95] 1.15[0.89] 1.44[0.87] 0.01[1.00]
N02126000 LB 6.36[0.95] 4.12[0.99] 1.04[0.84] 0.39[0.97]
LB2 0.12[1.00] 1.16[0.98] 1.49[0.96] 0.01[1.00]
ARCH-LM 0.09[0.99] 0.97[0.92] 0.27[0.99] 0.01[1.00]
N03079000 LB 1.41[0.84] 1.95[0.87] 0.01[1.00] 3.64[0.81]
LB2 1.60[0.95] 0.93[0.99] 0.01[1.00] 1.58[0.95]
ARCH-LM 0.56[0.97] 0.41[0.99] 0.01[1.00] 0.01[1.00]
N03159500 LB 2.38[0.87] 4.94[0.90] 4.38[1.00] 0.01[1.00]
LB2 2.05[0.91] 0.39[0.99] 0.02[1.00] 0.01[1.00]
ARCH-LM 3.06[0.78] 0.23[0.99] 0.01[1.00] 0.01[1.00]
N03274000 LB 1.44[0.89] 3.22[0.99] 0.34[1.00] 0.01[1.00]
LB2 2.02[0.90] 0.85[0.99] 0.01[1.00] 0.01[1.00]
ARCH-LM 1.51[0.82] 0.56[0.97] 0.01[1.00] 0.01[1.00]
N05454500 LB 1.27[0.871 4.54[0.99] 1.42[0.82] 0.01[1.00]
LB2 1.13[0.98] 1.22[0.98] 1.60[0.93] 0.01[1.00]
ARCH-LM 1.00[0.91] 0.85[0.94] 1.35[0.87] 0.01[1.00]
N05582000 LB 2.29[0.90] 1.82[0.93] 0.01[1.00] 0.02[1.00]
LB2 1.83[0.92] 0.07[1.00] 0.01[1.00] 0.01[1.00]
ARCH-LM 1.16[0.88] 0.05[0.99] 0.01[1.00] 0.01[1.00]
N06606600 LB 1.86[0.96] 0.60[1.00] 2.87[0.82] 2.19[1.00]
LB2 0.82[0.99] 0.01[1.00] 1.08[0.91] 0.01[1.00]
ARCH-LM 0.96[0.92] 0.01[1.00] 1.92[0.83] 0.01[1.00]
N07068000 LB 1.65[0.88] 5.08[0.99] 2.37[0.85] 1.76[0.86]
LB2 1.06[0.92] 0.86[0.99] 0.02[1.00] 0.01[1.00]
ARCH-LM 1.11[0.93] 0.62[0.97] 0.02[1.00] 0.01[1.00]

Notes: “LB” and “LB2" respectively denote the Ljung-Box statistics associated with serial correlation in the residual and squared residual models.
The "ARCH-LM* refers to Engle’s LM test for detecting ARCH effects within the residuals. P-values [in square brackets] below 0.05 indicate that the
null hypothesis of adequate model specification is correctly rejected.
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Appendix C:. Analyzing uncertainty in Bayesian parameter estimation results

In Appendix C, an uncertainty analysis of the Bayesian parameter estimation results for the Joe copula function used to calculate the joint CDF
between short-delay flow and intermediate-delay flow in the N0154100 basin is conducted, and uncertainty analyses for other basins are presented in
the Supporting Information (section S2.4). QQ plots (Fig. A1) show that data points generally align along the 45-degree line, indicating that the residual
distribution is consistent with the assumed theoretical distribution, thereby validating the assumptions. The cumulative distribution fitted by the Joe
copula function and the empirical cumulative distribution are indicated in Fig. A2a and b. As observed, the scatter points are evenly distributed along
the 45-degree diagonal, indicating that the Joe copula function performs well in fitting the data. To quantitatively assess the goodness-of-fit between
the theoretical joint frequency of the copula function and the empirical joint frequency, the RMSE, AIC, and BIC were employed to further evaluate the
fit of the Joe copula. With RMSE = 0.40, AIC = — 6649.75, and BIC = -6644.73 based on the criterion that smaller RMSE, AIC, and BIC values indicate
a better fit, these results confirm the adequacy of the Joe copula in capturing the joint probability distribution. Moreover, the posterior parameter
distributions of the Joe copula, as shown in Fig. A2c, are well-constrained. The RMSE of 0.40 for the best parameter value obtained through MCMC
simulations demonstrates the Bayesian-based parameter estimation method’s ability to search target values reliably, providing a robust solution for
dependency analysis issues (Sadegh et al., 2017).
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Fig. Al. Marginal distributions of short-delay flow (a) and intermediate-delay flow (b). A selected distribution to fit each data set (red line). Input data are coded
with blue dots. QQ plots visually show the goodness-of-fit of distributions to input data.
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Fig. A2. a, Joint cumulative probability distribution based on the Joe copula and the ECDF for short-delay and intermediate-delay flows; b, The scatter plot for
comparing the theoretical joint probability distribution with the empirical joint probability. ¢, Posterior distribution of the Joe copula derived by the MCMC
simulation within a Bayesian framework. The blue bins are the MCMC-derived parameters and the red cross shows the maximum likelihood parameter of the MCMC.

Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jhydrol.2024.132364.

Data availability
Data will be made available on request.
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