
1.  Introduction
Hydrologic signatures (a.k.a., hydrologic indices) are quantitative features that characterize the statistical proper-
ties of hydrologic time series (McMillan, 2020b). These signatures, which are most likely obtained from stream-
flow data, have received increasing attention due to their significance in understanding hydrologic and ecological 
processes (Carlisle et al., 2017; McMillan, 2020a). In hydrological modeling, streamflow signatures are typically 
used for model evaluation (Euser et al., 2013; Gupta et al., 2008; Jehn et al., 2019), model calibration (Shafii 
& Tolson, 2015), and for informing watershed management in ungauged and poorly gauged watersheds (Guo 
et al., 2021). Ecologically relevant hydrologic indices (ERHIs) are a subset of hydrologic signatures that can be 
obtained from hydrologic simulations to predict the biological condition of freshwater ecosystems in sites lacking 
streamflow or biological data (Hernandez-Suarez & Nejadhashemi, 2018; Mazor et al., 2018). Likewise, simu-
lated ERHIs can be used to evaluate hydrologic and ecological alterations due to anthropogenic interventions or 
changes in climate and land use (Bejarano et al., 2019; S. K. McKay et al., 2019; Sengupta et al., 2018).

Using hydrological models to simulate ERHIs introduces uncertainty. However, uncertainty sources are not only 
limited to modeling uncertainties (i.e., inputs, structure, parameters, initial/boundary conditions, and measure-
ment errors), but also include the signature computation method (Westerberg & McMillan, 2015; Westerberg 
et al., 2016), the number of records in the time series (i.e., record length), and non-stationarity effects (e.g., time 
period of record) (Kennard et al., 2010). For this reason, simulated ERHIs can result in large prediction errors, 
especially when hydrological models do not explicitly target those ERHIs during model calibration (Hallouin 
et al., 2020; Vigiak et al., 2018). Whether a calibration method accounts for uncertainties or not, it can be broadly 
classified into probabilistic and deterministic methods (Tasdighi et al., 2018).

On one side, probabilistic methods for model calibration consider different uncertainty sources and can be clas-
sified into informal and formal approaches (Schoups & Vrugt, 2010). The most important difference in these two 
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approaches resides in the likelihood function formulation (Beven & Binley, 2014). Informal methods use subjec-
tive measures (i.e., Limits of Acceptability) to identify those simulations that are a good fit to the observations 
(i.e., behavioral solutions), and then generate predictive distributions of the model parameters using sampling 
algorithms (Vrugt & Beven, 2018). Generally, the characteristics of model residual errors are treated implicitly 
and mapped onto the resulting parameter distributions (Beven & Smith, 2015). In this context, hydrologic signa-
tures are typically used to further constrain the identification of behavioral solutions (Blazkova & Beven, 2009). 
Examples using informal methods and EHRIs can be found in Kiesel et al.  (2017, 2020). Meanwhile, formal 
methods explicitly consider a model of residual errors to formulate the likelihood function, providing uncertainty 
estimates for the parameters of both hydrological and error models (McInerney et al., 2017; Smith et al., 2015). 
Under a Bayesian framework, different sources beyond parameter uncertainty can be explicitly addressed (Moges 
et al., 2021). However, the most common practice, which is also conceptually problematic, uses a lumped error 
model to account for those sources (Ammann et al., 2019). One of the major difficulties with hydrologic signa-
tures has been the formulation of closed-form and tractable likelihood functions (Sadegh et al., 2015). Thus, these 
methods have been mainly implemented when the modeling objective is to predict the streamflow time series 
themselves (i.e., time-domain calibration). In recent years, the application of formal probabilistic calibration 
targeting the hydrologic signatures directly (i.e., signature-domain calibration) was introduced by implementing 
Approximate Bayesian Computation (ABC) methods. ABC methods do not require likelihood function evalu-
ations and, instead, they sample Bayesian posterior distributions at the expense of a higher number of model 
evaluations (Fenicia et al., 2018; Kavetski et al., 2018; Sadegh & Vrugt, 2014).

On the other side, deterministic methods are mainly comprised of optimization methods using single or multi-
ple objective functions to generate parameter sets that provide the best fit between observations and simula-
tions (McInerney et al., 2018; Shafii and de Smedt, 2009). Single-objective methods are rather unreliable for 
decision-making since they do not address equifinality and identifiability issues (Beven,  2006). In addition, 
they only provide point estimates of model parameters and predictions and ignore the distributional properties 
of the model residual errors (Farmer & Vogel, 2016). In contrast, multi-objective methods provide ranges of 
solutions (i.e., Pareto-optimal solutions). However, the resulting Pareto-optimal distribution of model param-
eters and predictions do not necessarily correspond to probabilistic solutions suitable for uncertainty analysis 
(Reichert & Schuwirth, 2012; Tang et al., 2018). Hydrological models used for the replication of ERHIs are typi-
cally calibrated using deterministic methods (e.g., Hallouin et al., 2020; Hernandez-Suarez et al., 2021; Parker 
et al., 2019; Pool et al., 2017; Sengupta et al., 2018; Shrestha et al., 2014, 2016; Zhang et al., 2016). However, 
it is worth noting that the reported prediction errors for some of these studies are originated based on the distri-
bution of the relative differences between observed and point predictions of ERHIs across multiple locations 
(Vigiak et al., 2018), multiple calibration trials (Pool et al., 2017; Vis et al., 2015), or Pareto-optimal solutions 
(Hernandez-Suarez et al., 2018). These distributions are valuable since they can be used in other modeling exer-
cises as prior knowledge (e.g., modeling at ungauged watersheds, parameter regionalization), especially when 
using probabilistic methods (Almeida et al., 2013).

Improvements in ERHIs prediction have been mainly driven by the choice of objective functions on untransformed 
or transformed streamflows (Hallouin et al., 2020). These objective functions target specific flow conditions (i.e., 
extreme flows), regime facets (i.e., magnitude, duration, frequency, rate of change, timing), or hydrologic indices 
(Hallouin et al., 2020). As a result, several calibration strategies have been devised, some of them resulting in 
ensembles of model solutions (Hernandez-Suarez et al., 2018; Kiesel et al., 2020; Sengupta et al., 2018). Among 
these strategies, those using multi-objective calibration gained popularity since they consider tradeoffs among 
different targets (Efstratiadis & Koutsoyiannis, 2010; Kollat et al., 2012). However, these methods do not provide 
formal uncertainty estimates for model parameters and outputs. These estimates are relevant when predicting 
streamflows and ERHIs within the spatial domain of distributed or semi-distributed models. In addition, it is 
important to estimate uncertainty when developing and evaluating regionalization schemes based on hydrolog-
ical modeling results (Addor et al., 2018; Almeida et al., 2016; Guo et al., 2021; Mazor et al., 2018; Moges 
et al., 2021; Prieto et al., 2019).

In time-domain Bayesian calibration, the likelihood function is typically evaluated on transformed time series to 
satisfy the assumptions of the selected error model. When using non-informative priors, the parameter estimation 
mainly relies on the likelihood function. Thus, many studies have focused on selecting the most appropriate func-
tion formulation (Gupta et al., 2022). However, these functions hardly extract independent pieces of information 
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targeting multiple flow conditions or regime facets (Sadegh et  al., 2018). The definition of meaningful prior 
distributions can be a complementary approach to addressing this limitation and reducing uncertainty in predic-
tions (Hrachowitz et  al.,  2014). In addition, informative priors can incorporate effects that are not explicitly 
considered in the likelihood function, such as constraints in variables of interest or model parameters (Nijzink 
et al., 2018). Still, the choice of priors usually relies on expert knowledge and/or previous studies in the area of 
interest, which can result in a rather subjective task (Beven et al., 2011). As an alternative, Tang et al. (2018) 
showed that multi-objective calibration results can be used to define priors for error parameters in a more objec-
tive manner. Since this approach requires further exploration, we extended it to the definition of priors for model 
parameters in the context of ERHIs prediction.

The main goal of this study was to evaluate the effect of prior knowledge obtained from multi-objective calibra-
tion on the resulting posterior parameter distributions and ERHIs predictions when using a time-domain Bayesian 
calibration method. The main novelty of this study is the development of a methodology that links the advances 
in deterministic ERHIs prediction and uncertainty quantification. To the best of our knowledge, this is the first 
time that an evaluation of this kind has been performed to predict ERHIs. The objectives of this study were 
to (a) estimate the total uncertainty in predicting a set of ERHIs when targeting the overall streamflow time 
series, (b) compare the posterior model parameter distributions when using uniform versus Pareto-optimal priors, 
and (c) identify the extent of the changes in parameter estimation when using uniform versus Pareto-optimal 
priors. We performed this evaluation in an agriculture-dominated watershed in Michigan, US, using the Unified 
Non-dominated Sorting Algorithm III (U-NSGA-III) (Seada & Deb, 2016) for multi-objective calibration, the 
soil and water assessment tool (SWAT) as the hydrological model, and the multiple-try differential evolution 
adaptive metropolis (ZS) (MT-DREAM(ZS)) algorithm (Laloy & Vrugt, 2012) for sampling the posterior distribu-
tions. For the likelihood function, we used a lumped residual errors model accounting for heteroscedasticity and 
autocorrelation (McInerney et al., 2017).

2.  Materials and Methods
We outlined two experiments using daily data to compare the performance of time-domain Bayesian calibra-
tion under contrasting prior knowledge conditions. We employed the same likelihood function regardless of the 
experiment. For each experiment, we defined two time periods with the same number of consecutive streamflow 
observations. In Experiment 1, we reproduced a common modeling practice when implementing Bayesian infer-
ence for model calibration for each time period. This practice uses uniform priors to infer model parameters that 
are usually built upon physically meaningful ranges for the parameters (Gupta et al., 2022). Meanwhile, Exper-
iment 2 was devised to evaluate the effect of prior knowledge about the calibration parameters on the modeling 
results when using Bayesian inference. In particular, we were interested in incorporating the information about 
the model parameters obtained from multi-objective calibration into the overall Bayesian calibration process. For 
this purpose, we obtained Pareto-optimal parameter distributions from one time period (Period 1) and used them 
as prior knowledge for calibrating the model using data for the other time period (Period 2). We compared the 
Pareto-optimal parameter distributions against the posterior distributions using Bayesian inference for Period 1 
with uniform priors. Likewise, we compared the predictive distributions for model parameters and ERHIs using 
non-uniform and uniform priors under Period 2. Finally, we assessed the reliability, precision, and bias of the 
streamflow and ERHIs predictions for each experiment.

2.1.  Bayesian Parameter Estimation

In this study, we assumed that a streamflow observation 𝐴𝐴 Ỹ𝑡𝑡 at time step 𝐴𝐴 𝐴𝐴 is linked to a deterministic hydrological 
model 𝐴𝐴 𝐴𝐴 with model parameters 𝐴𝐴 𝜽𝜽𝐻𝐻 , and given forcing data 𝐴𝐴 𝑿̃𝑿 , as follows,

𝑌𝑌𝑡𝑡←𝐻𝐻𝑡𝑡

(

𝜽𝜽𝐻𝐻, 𝑿̃𝑿
)

+ 𝜀𝜀𝑡𝑡 (𝜽𝜽𝜀𝜀)� (1)

where, 𝐴𝐴 𝐴𝐴𝑡𝑡 represents the raw residuals as an aggregated measure of predictive errors. We also assumed that the 
residuals follow a probability distribution with parameters 𝐴𝐴 𝜽𝜽𝜀𝜀 . Using the Bayes equation, the posterior probability 
distribution of hydrological and residual error model parameters can be obtained by conditioning the model to 
observations and the given forcing data (McInerney et al., 2017; Vrugt, 2016),
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where, 𝐴𝐴 𝐴𝐴 (𝜽𝜽𝐻𝐻,𝜽𝜽𝜀𝜀) is the joint prior distribution of hydrological and residual error model parameters, and 
�
(

��,��|�̃, �̃
)

≡ �
(

�̃ |��,��, �̃
)

 is the likelihood function. In the following sections, we present the model 
of residual errors and corresponding likelihood function (Section  2.1.1), the prior distributions we used 
(Section 2.1.2), and the sampling procedure to approximate the posterior distributions (Section 2.1.3).

2.1.1.  Likelihood Function

The likelihood function summarizes the distance between the model simulations and observations and is built on 
top of the model of residual errors (Vrugt, 2016). The error model used here corresponds to a typical formulation 
in hydrological sciences that describes the total effect of all sources of error (Ammann et al., 2019). We followed 
a transformational strategy to account for heteroscedasticity and skewness in predictive errors (McInerney 
et al., 2017). For this purpose, we used the Box-Cox or power transformation with parameter 𝐴𝐴 𝐴𝐴 (Box & Cox, 1964),

𝑧𝑧 [𝑌𝑌𝑡𝑡; 𝜆𝜆] =

⎧

⎪

⎨

⎪

⎩

(

𝑌𝑌
𝜆𝜆

𝑡𝑡
− 1

)

∕𝜆𝜆 if 𝜆𝜆 ≠ 0

log 𝑌𝑌𝑡𝑡 if 𝜆𝜆 = 0

� (3)

Thus, the transformed residual 𝐴𝐴 𝐴𝐴 at time step 𝐴𝐴 𝐴𝐴 is obtained as follows,

𝜂𝜂𝑡𝑡 = 𝑧𝑧
[

𝑌𝑌𝑡𝑡, 𝜆𝜆
]

− 𝑧𝑧
[

𝐻𝐻𝑡𝑡

(

𝜽𝜽𝐻𝐻, 𝑿̃𝑿
)

; 𝜆𝜆
]

� (4)

Since errors in daily hydrological model outputs are usually highly autocorrelated, we used a first-order autore-
gressive (AR1) model to consider the temporal persistence of the (transformed) residual errors,

𝜂𝜂𝑡𝑡 = 𝜙𝜙𝜙𝜙𝑡𝑡−1 +𝑊𝑊𝑡𝑡� (5)

where, 𝐴𝐴 𝐴𝐴 is the autoregressive parameter and 𝐴𝐴 𝐴𝐴𝑡𝑡 is the disturbance or innovation. We assumed that innovations 
followed a truncated Gaussian distribution 𝐴𝐴    to avoid negative streamflow predictions with mean 𝐴𝐴 𝐴𝐴 = 0 , stand-
ard deviation 𝐴𝐴 𝐴𝐴 = 𝜎𝜎𝑊𝑊  , and lower bound 𝐴𝐴 𝐴𝐴𝑊𝑊 𝑊𝑊𝑊 (Fenicia et al., 2018),

�� ∼  
(

0, �� , �� ,�
(

��, �̃, ��−1
))

� (6)

Note that 𝐴𝐴 𝐴𝐴𝑊𝑊 𝑊𝑊𝑊 is defined such that 𝐴𝐴 𝐴𝐴
[

𝐻𝐻𝑡𝑡

(

𝜽𝜽𝐻𝐻, 𝑿̃𝑿
)

; 𝜆𝜆
]

+ 𝜂𝜂𝑡𝑡 (𝜽𝜽𝜀𝜀) ≥ 𝑧𝑧[0; 𝜆𝜆] , which makes it time-dependent. Assum-
ing innovations are independent, the likelihood function is formulated as follows (Fenicia et al., 2018):

�
(

��,��|�̃, �̃
)

=
��
∏

�=1

��(��|0, �� )
1 − ��

(

�[0; �] − �
[

��
(

��, �̃
)

; �
]

− ���−1|0, ��
) ×

��
[

�̃�; �
]

��� (7)

where, 𝐴𝐴 𝐴𝐴𝑡𝑡 = 𝜂𝜂𝑡𝑡 − 𝜙𝜙𝜙𝜙𝑡𝑡−1 , 𝐴𝐴 𝐴𝐴𝑁𝑁 (𝑣𝑣|𝜇𝜇𝜇 𝜇𝜇) is the Gaussian probability distribution function with mean 𝐴𝐴 𝐴𝐴 and standard 
deviation 𝐴𝐴 𝐴𝐴 evaluated for 𝐴𝐴 𝐴𝐴 , 𝐴𝐴 𝐴𝐴𝑁𝑁 (𝑣𝑣|𝜇𝜇𝜇 𝜇𝜇) is the corresponding cumulative distribution function (CDF), and 𝐴𝐴 𝐴𝐴𝑡𝑡 
is the total number of observations. It is worth noting that for large 𝐴𝐴 𝐴𝐴𝑡𝑡 , which is the case for hydrologic time 
series, the likelihood is a very small number that can result in arithmetic underflow. Thus, it is common to work 
with  the  log-likelihood, 𝐴𝐴 

(

𝜽𝜽𝐻𝐻,𝜽𝜽𝜀𝜀|𝑿̃𝑿, 𝒀̃𝒀
)

 , instead,


(

��,��|�̃, �̃
)

≅ −��

2
log 2� −�� log �� − 1

2�2
�

��
∑

�=2

(�� − ���−1)2 +
��
∑

�=1

log
��

[

�̃�; �
]

��

−
��
∑

�=2

log
{

1 − ��
(

�[0; �] − �
[

��
(

��, �̃
)

; �
]

− ���−1|0, ��
)}

� (8)

The complete set of error model parameters is 𝐴𝐴 𝜽𝜽𝜀𝜀 = {𝜆𝜆𝜆 𝜆𝜆𝜆 𝜆𝜆𝑊𝑊 } . In this study, we fixed the values of 𝐴𝐴 𝐴𝐴 and 𝐴𝐴 𝐴𝐴 to 
0.2 and 0.8, respectively, following Evin et al. (2014) and McInerney et al. (2017) recommendations for reducing 
parameter interactions during model calibration.
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2.1.2.  Prior Distributions

2.1.2.1.  Experiment 1—Non-Informative Priors

In this experiment, we used uniform distributions that defined the feasible parameter space by providing the 
minimum and maximum values for the hydrological and error model parameters. Upper and lower limits for the 
hydrological model parameters were determined from the literature and previous modeling exercises in the study 
area (see Section 2.4.3), whereas 𝐴𝐴 𝐴𝐴𝑊𝑊  limits were defined from an initial screening of modeling results. The initial 
states for the chains used by the Markov chain Monte Carlo (MCMC) sampling algorithm for Bayesian inference 
(see Section 2.1.3) were drawn using Latin-Hypercube Sampling (M. D. McKay et al., 1979) subject to the afore-
mentioned parameter limits.

2.1.2.2.  Experiment 2—Multi-Objective Model Calibration

A constrained, performance-based, multi-objective calibration targeting a set of ERHIs was executed to obtain 
near-optimal Pareto distributions of model parameters. We implemented the recently developed evolutionary 
multi-objective optimization algorithm U-NSGA-III (Seada & Deb, 2016). The calibration consisted in mini-
mizing six objective functions 𝐴𝐴 𝐴𝐴 (𝜽𝜽𝐻𝐻 ) derived from performance metrics 𝐴𝐴 𝐴𝐴𝑚𝑚 (𝜽𝜽𝐻𝐻 ) . Each 𝐴𝐴 𝐴𝐴 (𝜽𝜽𝐻𝐻 ) is computed on 
transformed or untransformed streamflow values to accentuate different flow conditions or regime facets,

𝑓𝑓𝑗𝑗 (𝜽𝜽𝐻𝐻 ) = 1 − 𝑃𝑃𝑚𝑚𝑗𝑗
(𝜽𝜽𝐻𝐻 )� (9)

where, 𝐴𝐴 𝐴𝐴 = 1, 2, . . . , 6 . The performance metrics used in this study for calibration were the Kling-Gupta Effi-
ciency (Gupta et  al.,  2009) computed on untransformed and inverse-transformed values (𝐴𝐴 KGE and 𝐴𝐴 KGEinv , 
respectively), the relative Index of Agreement 𝐴𝐴 𝐴𝐴𝑟𝑟𝑟𝑟𝑟𝑟 (Krause et  al., 2005), and the coefficient of determination 
computed on untransformed, inverse-, and square-root-transformed values (𝐴𝐴 𝐴𝐴

2 , 𝐴𝐴 𝐴𝐴
2

inv
, and 𝐴𝐴 𝐴𝐴

2

sqrt
 , respectively). An 

optimization constraint, which must not be greater than 0, was defined to limit all targeted ERHIs to not exceed a 
predefined acceptability threshold 𝐴𝐴 𝐴𝐴 in terms of relative error 𝐴𝐴 𝐴𝐴rel (𝜽𝜽𝐻𝐻 ) ,

�rel� (�� ) =
��
(

�
(

��, �̃
))

− ��
(

�̃
)

��
(

�̃
)� (10)

where, 𝐴𝐴 𝐴𝐴𝑖𝑖 is the ith ERHI evaluated for the simulation 𝐴𝐴 𝐴𝐴
(

𝜽𝜽𝐻𝐻, 𝑿̃𝑿
)

 and observations 𝐴𝐴 𝒀̃𝒀  . The constraint 𝐴𝐴 𝐴𝐴𝐴𝐴 (𝜽𝜽𝐻𝐻 ) was 
formulated to penalize high relative errors and for separating feasible from unfeasible solutions. An unfeasible 
solution results in ERHI values outside the predefined acceptability threshold,

CV(�� ) =
�
∑

�=1

�� (�� )
[

1 +��

(

|�rel�(�� ) |
�

− 1
)]

�

��(�� ) =

⎧

⎪

⎨

⎪

⎩

0 if
|�rel�(�� ) |

�
− 1 ≤ 0

1 Otherwise
�

𝑤𝑤𝑖𝑖 =
1

𝑔𝑔 × ℎ𝑖𝑖

� (11)

where, 𝐴𝐴 𝐴𝐴 is the total number of ERHIs, 𝐴𝐴 𝐴𝐴𝑖𝑖 is the weighting factor for the ith ERHI, g is the number of ERHI 
categories, and 𝐴𝐴 𝐴𝑖𝑖 is the total number of ERHIs in the category that contains the ith ERHI. The ERHIs used 
in this study and their categories are presented in Section  2.4.4. The value of 𝐴𝐴 𝐴𝐴 used in this study was 0.3 
(Hernandez-Suarez et  al.,  2018), which means that all the targeted ERHIs must attain relative errors within 
±30%. Once the near-optimal Pareto solutions were obtained, we computed 𝐴𝐴 𝐴𝐴𝑊𝑊  for each individual solution 
using Equations 3–5. A multivariate kernel distribution was generated to have a non-parametric representation 
of the joint distribution of parameters 𝐴𝐴 𝜽𝜽𝐻𝐻 and 𝐴𝐴 𝐴𝐴𝑊𝑊  using the resulting near-optimal Pareto parameter sets. For this 
purpose, we employed the mvksdensity function in MATLAB R2019b using a Gaussian kernel. An initial vector 
of bandwidths was defined using the Silverman's rule of thumb (Silverman, 1986),
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𝑏𝑏𝑘𝑘 = 𝜎𝜎𝑘𝑘

[

4

(𝑑𝑑 + 2)𝑛𝑛

]1∕(𝑑𝑑 + 4)

� (12)

where, 𝐴𝐴 𝐴𝐴 is the number of dimensions (i.e., number of hydrological and error model parameters), 𝐴𝐴 𝐴𝐴 is the number 
of observations (i.e., Pareto-optimal solutions), 𝐴𝐴 𝐴𝐴 = 1, 2, . . . , 𝑑𝑑 , and 𝐴𝐴 𝐴𝐴𝑘𝑘 is the standard deviation of the kth vari-
ate (i.e., parameter). This vector of bandwidths was further refined by maximizing the agreement between the 
marginal empirical CDF of each parameter and the corresponding marginal CDF obtained from the multivariate 
kernel density distribution using a five-fold cross-validation and a genetic algorithm. For this purpose, we used 
the ga function in MATLAB R2019b. The lower and upper bounds for the optimization search were defined 
from multiplying 𝐴𝐴 𝐴𝐴𝑘𝑘 by 0.1 and 1.1, respectively. The objective function to minimize was the cross-validated 
average sum of squared errors between the empirical and estimated marginal CDFs. We employed the default ga 
settings: population size of 200 individuals, uniform random initial population, stochastic uniform selection, 10 
elite individuals, scattered crossover for recombination using a 0.8 fraction, and adaptive mutation. The resulting 
optimized multivariate kernel distribution was then used as the prior distribution 𝐴𝐴 𝐴𝐴 (𝜽𝜽𝐻𝐻,𝜽𝜽𝜀𝜀) under this experi-
ment. It is worth noting that the initial states for the chains used by the MCMC sampling algorithm were directly 
drawn from 𝐴𝐴 𝐴𝐴 (𝜽𝜽𝐻𝐻,𝜽𝜽𝜀𝜀) .

2.1.3.  Sampling Algorithm

In this study, the MT-DREAM(ZS) algorithm (Laloy & Vrugt, 2012) was used to efficiently explore the posterior 
distribution of hydrological and error model parameters. MT-DREAM(ZS) is an adaptive MCMC algorithm using 
multiple-try sampling, snooker updating, and an archive of past states to improve the convergence of computa-
tionally intensive and high-dimensional models (Vrugt, 2016). This method belongs to the differential evolution 
adaptive metropolis (DREAM) multi-chain family of algorithms for Bayesian inference. The original DREAM 
algorithm automatically adjusts the scale and orientation of the proposal distribution used for posterior inference. 
In addition, it employs subspace sampling and outlier chain correction while maintaining balance and ergodicity 
(Vrugt et al., 2009). DREAM(ZS) introduced the use of past samples (from an external archive) into the jump 
distribution. As a result, the sampling procedure requires a smaller number of chains to explore the target distri-
bution, outliers do not need a forceful treatment, and chains can run in a distributed manner (Vrugt, 2016). To 
ensure convergence (given the violation of Markovian principles introduced by adaptive Metropolis samplers), 
the adaptation rate decreases with the number of generations (Ter Braak & Vrugt, 2008). MT-DREAM(ZS) intro-
duced multiple-try sampling in each of the chains, creating 𝐴𝐴 𝐴𝐴 different proposals in each chain that can be evalu-
ated in parallel, which is more efficient than running DREAM with large chain numbers (Laloy & Vrugt, 2012).

Convergence to a stationary posterior distribution was monitored using the multivariate 𝐴𝐴 𝑅̂𝑅-statistic proposed 

by Gelman and Rubin (1992). The multivariate 𝐴𝐴 𝑅̂𝑅-statistic, which is computed using the last 50% samples of 
each parallel chain, is used to evaluate whether the between- and within-covariance matrices of these chains are 
similar. When these matrices are very similar, the 𝐴𝐴 𝑅̂𝑅-statistic is close to unity. An 𝐴𝐴 𝑅̂𝑅-statistic below 1.2 is used in 
practice to declare convergence (Gelman et al., 2013).

2.2.  Generation of Predictive Distributions of ERHIs

Predictive distributions were generated by propagating the posterior probability distributions for the model and 
error parameters through the hydrological model and ERHIs computation methods. For the i-th individual set of 
parameters 𝐴𝐴 𝜽𝜽

𝑖𝑖
=
(

𝜽𝜽
𝑖𝑖

𝐻𝐻
,𝜽𝜽

𝑖𝑖

𝜀𝜀

)

 , a prediction of a given ERHI was obtained as follows (Fenicia et al., 2018; McInerney 
et al., 2017):

1.	 �Sample 𝐴𝐴 𝐴𝐴𝑡𝑡 using Equation 6.
2.	 �Obtain 𝐴𝐴 𝐴𝐴

𝑖𝑖

𝑡𝑡
 using Equation 5. For 𝐴𝐴 𝐴𝐴 = 1 , 𝐴𝐴 𝐴𝐴

𝑖𝑖

𝑡𝑡
 is directly sampled and step 1 is ignored:

𝜂𝜂
𝑖𝑖

1
←𝑓𝑓𝑁𝑁

(

0, 𝜎𝜎
𝑖𝑖

𝜂𝜂

)

� (13)

�where, 𝐴𝐴 𝐴𝐴
2

𝜂𝜂 = 𝜎𝜎
2

𝑊𝑊
∕
(

1 − 𝜙𝜙
2
)
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3.	 �Compute the streamflow prediction Y at time step t for the given 𝐴𝐴 𝜽𝜽
𝑖𝑖 as follows:

� �
�
(

��) = �−1
(

�
[

��
(

��
� , �̃

)

; ��] + ���
)

� (14)

�where, 𝐴𝐴 𝐴𝐴
−1 is the inverse Box-Cox transformation.

4.	 �Once 𝐴𝐴 𝐴𝐴
𝑖𝑖

𝑡𝑡
 is obtained for the 𝐴𝐴 𝐴𝐴𝑡𝑡 time steps, the j-th ERHI is computed using Equation 15:

�����
� = ��

(

� �(��))� (15)

The parameter sets were taken from the last 20% posterior samples obtained by the MT-DREAM(ZS) algorithm.

2.3.  Performance Evaluation

We computed three measures to quantify reliability, precision, and bias for evaluating the performance of the 
Bayesian parameter estimation under each experiment. A prediction is reliable when the observations can be 
considered samples of the predictive distribution (i.e., observations consistently fall within the prediction bounds). 
The reliability measure that was employed in this study represents the average absolute difference between the 
predictive quantile-quantile (PQQ) plot and a 1:1 line representing the CDF of a standard uniform distribution 

𝐴𝐴 𝐴𝐴 (0, 1) (McInerney et al., 2017). Regarding precision, we determined the average coefficient of variation of the 
predicted streamflows using the observations as a proxy to the average streamflow at each time step (McInerney 
et al., 2017). The precision measure represents the width of the prediction bounds. The following equation was 
used to compute the precision:

Precision
[

𝑌𝑌 𝑌 𝑌𝑌
]

=
1

𝑁𝑁𝑡𝑡

𝑁𝑁𝑡𝑡
∑

𝑡𝑡=1

std (𝑌𝑌𝑡𝑡)

𝑌𝑌𝑡𝑡

� (16)

where, 𝐴𝐴 std (𝑌𝑌𝑡𝑡) is the standard deviation of streamflow predictions at time step 𝐴𝐴 𝐴𝐴 . Finally, we computed the abso-
lute volumetric bias to evaluate the long-term water balance error of the predictions. For this purpose, we used 
the mean prediction value at each time step 𝐴𝐴 𝑌𝑌 𝑡𝑡 :

Bias
[

� , �̃
]

=
|

|

|

|

|

|

∑��
�=1 �̃� −

∑��
�=1 � �

∑��
�=1 �̃�

|

|

|

|

|

|

� (17)

The reliability, precision, and bias measures used herein targeted the overall streamflow predictions; for the 
ERHIs predictions, we directly compared the resulting predictive distributions against the ERHIs obtained 
from the observations. For the latter, we visually inspected whether the ERHIs from observations fell within 
the corresponding predictive bounds. Also, we verified whether the median relative errors felt within the 
nominal ±30% relative error range. This error range has been reported in previous studies as a reference 
value for uncertainty in ERHIs due to data length effects when working with 15-year time series (Kennard 
et  al.,  2010). In addition, we computed the coefficient of variation of each ERHI distribution using the 
observed ERHI as a reference and obtained the average relative error between each predicted and observed 
ERHI.

We used generalized least-square (GLS) estimation with an Autoregressive model with lag 1, or AR(1), to evalu-
ate the differences in reliability, precision, and bias of streamflow predictions by comparing observed quantiles, 
coefficients of variation, and the average predictions at a daily time step. To this end, the differences between 
the two experiments for each time period were used as response variables to fit a simple regression model with 
intercept. The differences are considered significant if the reported p-value for the intercept parameter is less than 
0.05 (i.e., 95% confidence interval for the intercept does not include zero).
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2.4.  Case Study

2.4.1.  Study Area and Model

We executed the calibration experiments in the Honeyoey Creek-Pine Creek Watershed located in east-central 
Michigan, US (Figure 1). This watershed has a drainage area of 1,010 km 2, and its land use is predominantly 
agriculture, covering about 50% of the total area, followed by forests (∼24%) and wetlands (∼16%). Developed 
areas account for less than 4% of the total watershed area (Hernandez-Suarez et al., 2018). SWAT 2012, Rev. 
622 was used as the deterministic hydrological model in Equation 1 for predicting streamflow at the watershed 
outlet. SWAT is a process-based model widely used to simulate daily water quantity and quality time series at the 
watershed scale (Arnold et al., 2012). In SWAT, a watershed is divided into subwatersheds, which are comprised 
of hydrologic response units (HRUs). An HRU is a homogeneous land unit concerning land use/cover, soil type, 
and slope. In this study, the Honeyoey Creek-Pine Creek Watershed was divided into 250 subwatersheds, each 
one comprised by a single HRU representing the dominant land use, soil type, and slope conditions (Einheuser 
et al., 2012). SWAT was used to simulate daily streamflows from 2003 to 2014 (Period 1) and from 1983 to 1994 
(Period 2). Warm-up periods of 2 years (1981–1982 and 2001–2002) were used to reduce the effect of initial 
conditions in both periods. Potential evapotranspiration was estimated using the Penman-Monteith equation 
(Monteith, 1965). Surface runoff was obtained using the soil conservation service (SCS) curve number method 
(USDA-SCS, 1972), and the selected routing method was the variable storage coefficient routine developed by 
Williams (1969).

2.4.2.  Data

Input data included the 30-m resolution National Elevation Data set provided by the US Geological Survey 
(USGS, 2018), the 30-m resolution Cropland Data Layer provided by the National Agricultural Statistics Service 
of the US Department of Agriculture (USDA-NASS,  2012), soil properties extracted from the Soil Survey 
Geographic Database (SSURGO) from the USDA Natural Resources Conservation Service (USDA-NRCS, 2020), 
and daily precipitation and maximum and minimum air temperature time series from 1981 to 2014 collected at 
two land stations from the National Centers for Environmental Information of the National Oceanic and Atmos-
pheric Administration (NOAA-NCEI,  2020). Missing values and remaining input weather data such as solar 
radiation, wind speed, and relative humidity were estimated using the SWAT built-in WXGEN stochastic weather 
generator (Neitsch et al., 2011). Daily observed streamflow records were obtained at the watershed outlet for the 
period of study from the Pine River Near Midland USGS gauging station 04155500 (USGS, 2020).

Figure 1.  Study area location and major land uses.
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2.4.3.  Calibration Parameters

The set of 𝐴𝐴 𝜽𝜽𝐻𝐻 to be estimated was comprised of 15 SWAT model parameters. Maximum and minimum limits 
for each parameter were defined following the model documentation (Neitsch et al., 2011) and previous studies 
(Herman et al., 2018; Hernandez-Suarez et al., 2018). Model parameters were adjusted during the calibration 
process either by replacing the original value with a new one or by perturbing the original value by a fraction. 
Most of the parameters were assumed to have the same value in every HRU. Only the curve number for moisture 
condition II (CN2) and the available water capacity of the soil layer (Sol awc) were assumed to spatially change 
and were adjusted by perturbing the initial default values by a global fraction. These global fractions were cali-
brated instead of estimating CN2 and Sol awc at each individual HRU. Calibration model parameters and their 
calibration ranges are presented in Table 1.

2.4.4.  Ecologically Relevant Hydrologic Indices

The selection of hydrologic indices depends on the ecohydrological application objectives. For instance, some 
studies target non-redundant hydrologic metrics for streamflow classification (Eng et al., 2017), others target 
specific hydrologic indices relevant to the condition of specific biological communities (George et al., 2021). 
Our goal in this study was to calibrate the hydrological model targeting a balanced representation of the stream-
flow regime, which is of interest when defining environmental flows (Poff et al., 2010). Therefore, we selected 
32 indices of hydrologic alteration (IHA) (The Nature Conservancy, 2009), describing the central tendency of 
several streamflow regime characteristics. These indices were originally classified into five categories represent-
ing distinct regime facets such as magnitude, duration, frequency, timing, and rate of change of flows (Richter 
et al., 1997). IHA have been used in previous SWAT model applications to evaluate the effects of climate and 
land use changes on hydrological extremes (Chen et al., 2019). In addition, we considered seven indices proposed 
by Archfield et al. (2014) (a.k.a., Magnificent seven) describing basic properties of streamflow time series such 
as central tendency, variability, skewness, kurtosis, autocorrelation, and seasonality. The list of 39 ERHIs is 
presented in Table 2.

2.4.5.  Experiments Set Up

The U-NSGA-III algorithm was implemented using the pymoo library in Python 3.7 (Blank & Deb, 2020). We 
developed a Python interface to modify SWAT's input text files to link pymoo and SWAT. The multi-objective 
optimization algorithm was executed for 1,000 generations, using 100 well-spaced reference directions obtained 

Parameter Description Calibration range

Biomix Biological mixing efficiency [0, 1]

CN2 a Initial soil conservation service (SCS) runoff number for moisture condition II [−0.25, 0.25]

Canmx Maximum canopy storage (mm H2O) [0, 100]

Esco Plant uptake compensation factor [0, 1]

Epco Soil evaporation compensation factor [0, 1]

Alpha bf Baseflow alpha factor (days −1) (0, 1]

Gw delay Groundwater delay time (days) [0, 500]

Gwqmn Threshold depth of water in the shallow aquifer required for return flow to occur (mm H2O) [0, 5,000]

Gw revap Groundwater “revap” coefficient [0.02, 0.2]

Revapmn Threshold depth of water in the shallow aquifer for “revap” or percolation to the deep aquifer to occur (mm H2O) [0, 1,000]

Rchrg dp Deep aquifer percolation fraction [0, 1]

Ch n2 Manning's n value for the main channel (0, 0.3]

Ch k2 Effective hydraulic conductivity in main channel alluvium (mm h −1) (0, 500]

Sol awc a Available water capacity of the soil layer (mm H2O mm −1 soil) [−0.25, 0.25]

Surlag Surface runoff lag coefficient [1, 24]

 aThese parameters were adjusted by perturbing the initial default spatially-varying values for each HRU by a global fraction. HRU, hydrologic response units.

Table 1 
Model Calibration Parameters and Ranges
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with the Riesz s-Energy method (Blank et al., 2021). This resulted in a total number of 100,000 model evaluations. 
Other U-NSGA-III parameters included the crossover probability, the distribution index for the Simulated Binary 
Crossover operator, the mutation probability, and the distribution index for the polynomial mutation operator, 
defined as 0.9, 10, 1/15 (i.e., the inverse of the number of the hydrological model calibration parameters), and 
20, respectively. The MT-DREAM(ZS) algorithm was executed in MATLAB R2019b using the MT-DREAM(ZS) 
package developed by Vrugt (2016). The SWAT interface in Python was linked with MATLAB to compute the 
log-likelihood function. MT-DREAM(ZS) was executed using three Markov chains and five multi-try proposals 
for 10,000 generations (for a total of 150,000 model evaluations). Additional MT-DREAM(ZS) parameters were 
assigned the default values reported by Vrugt (2016). The calibration experiments were executed using up to 20 
threads in parallel on a machine equipped with two Intel® Xeon® CPU E5-2640 Processors at 2.5 GHz with 
64 GB RAM running Ubuntu 16.04.7 LTS.

3.  Results and Discussion
3.1.  Convergence of Multi-Objective and Bayesian Calibration Experiments

Convergence of the U-NSGA-III algorithm (Experiment 2, Period 1) was monitored using the Hypervolume 
Indicator (Auger et al., 2009), which started to show a steady behavior after 800 generations (i.e., 80,000 model 
evaluations). The first feasible solution (i.e., model simulation with all the selected ERHIs within ±30% relative 
error) was found after 4,800 model evaluations. The total computation time for the multi-objective calibration 
was 32.43 hr. Regarding the Bayesian calibration experiments, the MT-DREAM(ZS) algorithm converged after 
5,400 generations (i.e., 81,000 model evaluations) for the Experiment 1, Period 1; 8,400 generations (i.e., 126,000 
model evaluations) for the Experiment 1, Period 2; and 6,200 generations (i.e., 93,000 model evaluations) for 
the Experiment 2, Period 2. The total computation times for the Bayesian calibration experiments, which were 
simultaneously executed in the same machine, were 118.74 hr for Experiment 1, Period 1; 120.19 hr for Exper-
iment 1, Period 2; and 118.97 hr for Experiment 2, Period 2. It is worth noting that Bayesian calibration using 
MCMC sampling had 50% more model evaluations than the multi-objective calibration. According to the results, 
Bayesian calibration convergence using prior knowledge was 26% faster than the non-informative case. This 

Category Index a Description

Magnitude of monthly water conditions MA12—MA23 Mean monthly flows from January to December (m 3 s −1)

Magnitude and duration of annual extreme water conditions DL1—DL5 Annual minimum with 1-, 3-, 7-, 30-, and 90-day moving average flow (m 3 s −1)

DH1—DH5 Annual maximum with 1-, 3-, 7-, 30-, and 90-day moving average flow (m 3 s −1)

ML17 Baseflow index based on the 7-day minimum flow

Timing of annual extreme water conditions TL1 Julian day of annual minimum

TH1 Julian day of annual maximum

Frequency and duration of high and low pulses FL1 Mean low flow pulse count per water year (year −1)

DL16 Mean low flow pulse duration (days)

FH1 Mean high flow pulse count per water year with a threshold equal to the 75th 
percentile of the entire flow record (year −1)

DH15 Mean high flow pulse duration with a threshold equal to the 75th percentile of 
the entire flow record (days)

Rate and frequency of water condition changes RA1 Rise rate (m 3 s −1 d −1)

RA3 Fall rate (m 3 s −1 d −1)

RA8 Reversals (year −1)

Magnificent seven MAG1—MAG4 First four L–moments (mean, coefficient of variation, skewness, and kurtosis)

MAG5 Autoregressive lag-one AR(1) correlation coefficient

MAG6—MAG7 Amplitude and phase of the seasonal signal

 aIndex abbreviations for Indicators of Hydrologic Alteration (IHA) as presented by Olden and Poff (2003).

Table 2 
List of ERHIs Used in This Study
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faster convergence can be partially attributed to the further constrained search space for the informative case 
through the prior distribution.

3.2.  Comparison Between Posterior Parameter Distributions Using Non-Informative Priors and 
Pareto-Optimal Results

The distribution of the hydrological and error model parameters considered in this study are presented in Figure 2 
for each experiment and calibration period. Under Experiment 1, those distributions that were similar for both 
calibration periods corresponded mostly to parameters related to surface runoff generation and initial losses. 
Streamflow simulations using SWAT are usually very sensitive to most of these parameters, such as CN2, alpha 
bf, Sol awc, Esco, and Canmx (Khorashadi Zadeh et al., 2017). Since we selected two periods with the same 
length, and a similar number of high-frequency events and seasonality, it is not surprising that these parameters 
behaved consistently. Other parameters that usually present a low sensitivity and identifiability, such as Biomix, 
Revapmn, and Surlag, resulted in wide posterior parameter ranges for both periods. Meanwhile, distributions 
that showed a very distinct behavior corresponded mostly to soil- and groundwater-related parameters: Epco, 
Gwqmn, Gw revap (which represents water movement from the shallow aquifer to the overlying unsaturated 
zone), Rchrg dp, and Ch k2 (associated with transmission losses in the main channel). The standard deviation of 
the transformed autocorrelated residuals 𝐴𝐴 𝐴𝐴𝑊𝑊  for period 2 was greater than period 1. Therefore, results showed a 
higher total uncertainty in streamflow during period 2 compared to period 1. These differences in hydrological 
and error model parameter distributions can be explained by the time-varying nature of model parameters driven 
by non-stationarity effects from input weather data and changes in land use (Xiong et al., 2019).

Regarding Experiment 2, parameter distributions were more consistent across the two calibration periods 
compared with Experiment 1. This behavior revealed the strong influence of the prior distribution on the Bayes-
ian calibration results for period 2. However, some parameters showed important differences, including Canmx 
(related to surface water interception) and Alpha bf (related to the shape of recession curves). These differences 
were originated from the contribution of new data under period 2. Excepting the global multiplier for Sol awc, 
the posterior parameter distributions from Bayesian calibration (i.e., period 2) were narrower compared to the 
multi-objective calibration distributions (i.e., period 1) for Experiment 2. This reduction in parametric uncer-
tainty resulted from the assimilation of a greater amount of information (i.e., Experiment 2, period 2 ultimately 
used information from both periods 1 and 2).

In general, Experiment 2 distributions were drastically narrower than Experiment 1 distributions. Bayesian cali-
bration with uniform non-informative priors (especially Experiment 1, period 1) resulted in poorly-informative 
posteriors. These posteriors included distributions for Biomix, groundwater parameters such as Gwqmn, Gw 
revap, and Revapmn, and Surlag. Poorly-informative posteriors are related to the equifinality problem, indicating 
that different parameter combinations yield similar outputs (Beven, 2006). This may apply to the groundwater 
parameters interacting with each other and Surlag, which represents water storage. Likewise, non-informative 
posteriors are indicative of a low sensitivity of the modeling outputs to changes in those particular parameters, 

Figure 2.  Distribution of model parameters obtained from multi-objective calibration (Experiment 2, Period 1—E2P1) and Bayesian parameter estimation (Experiment 
1, Period 1—E1P1; Experiment 1, Period 2—E1P2; Experiment 2, Period 2—E2P2). Box and whisker plots represent the 50% and 95% confidence limits, respectively; 
points represent median parameter values. Parameter descriptions are reported in Table 1. *These parameters were calibrated using global multipliers.
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which can explain Biomix behavior. Nevertheless, Experiment 1, period 1 attained the lowest 𝐴𝐴 𝐴𝐴𝑊𝑊  , which can 
offset a lower total uncertainty in streamflow predictions.

The reduction in parametric uncertainty attained by Experiment 2 compared to Experiment 1 was mainly driven 
by the constraints to ERHIs simulation accuracy, introduced by the proposed multi-objective calibration strategy. 
Another effect of the ERHIs constraints was the difference in the actual range of values for certain parameters. 
For instance, Experiment 2 results indicated that the global multiplier perturbing initial CN2 values was around 
−25%, whereas Experiment 1 results indicated the opposite (i.e., around +25%). Higher CN2 makes the water-
shed more impervious, resulting in higher runoff generation (and therefore higher streamflows). Similarly, while 
Experiment 2 resulted in Surlag values close to unity, Experiment 1 resulted in Surlag values mostly between 10 
and 20. Surlag controls the fraction of total available water that enters the main channel on a daily basis; higher 
Surlag values result in higher fractions. Likewise, Experiment 2 generated Gw delay close to zero, whereas 
Experiment 1 yielded values greater than 200 days. Gw delay represents the time that water spends in the vadose 
zone before becoming shallow aquifer recharge. Gw delay ultimately affects groundwater contributions to the 
main channel, which also impacts low-flow dynamics.

3.3.  Performance of Uncertainty Quantification of Daily Streamflows

Uncertainty quantification performance of streamflow predictions is presented in Figure 3 for each experiment 
and calibration period. As expected, the streamflow prediction bounds resulted in a lower parametric uncertainty 
for Experiment 2, which was consistent with the narrower parameter distributions presented in Figure 2 and the 
effects of the ERHIs' optimization constraints. In fact, parametric uncertainty for Experiment 2, Period 2 (i.e., 
Bayesian parameter estimation using multi-objective calibration prior) was drastically lower compared to the 
other cases (∼72% narrower compared to Experiment 1 for the same period). Regarding total uncertainty, the 
hydrographs in Figure 3 (first column from left to right) reveal wider limits for low flows in Experiment 1 (i.e., 
uniform priors), and wider limits for high flows in Experiment 2.

Scatter plots comparing average streamflow predictions with observations are presented in Figure 3, the second 
column. In these plots, we also report the corresponding root-mean-square error (RMSE). In both time periods, 
Experiment 2 showed a lower dispersion than Experiment 1, with very similar RMSE values. The difference was 
greater in Period 2, which emphasizes the effect of the ERHIs constraining through the Pareto-optimal prior 
distributions. It is worth noting that the scatter plot for Experiment 2, Period 1 shows streamflow over-prediction. 
For this reason, absolute differences in high flows are more noticeable in Figure 3b (first column) compared to 
the other cases, where streamflows were mostly underpredicted.

In terms of reliability, PQQ plots indicated that Experiment 1 (Figure 3 row a, third column) slightly over-estimated 
predictive uncertainty during Period 1 (curve above the 1:1 diagonal at the lower-left corner and below the 
same line at the upper-right corner). Meanwhile, Pareto-optimal solutions (Experiment 2, Figure 3 row b, third 
column) over-predicted streamflows under the same calibration period (curve was mostly below the 1:1 diago-
nal). The latter occurred because total uncertainty was estimated using the 𝐴𝐴 𝐴𝐴𝑤𝑤 obtained from the residuals of each 
Pareto-optimal solution. Since the multi-objective calibration strategy did not consider the additive error term 
included in the Bayesian calibration framework, the streamflow predictions resulted in higher values by explic-
itly adding the residual innovations to the Pareto-optimal simulations. Regarding Period 2, PQQ plots indicated 
excellent reliability for the streamflow predictions in both experiments (Figure 3 rows c and d, third column). 
When analyzing the scatter and PQQ plots together, the skewed nature of the predictions over time is evident. 
While the total uncertainty bound is quite wide, most predictions concentrate around lower values.

When statistically comparing the observed quantiles from both experiments with a 95% confidence level, we did 
not find evidence of a significant difference in the reliability measure under Period 2 (p = 0.070). For Period 1, 
the reliability was significantly different for both experiments (p = 1.7 × 10 −5), with Experiment 1 presenting 
a better result overall (i.e., 10% vs. 13%, see Figure 3, fourth column). Regarding precision, no evidence of a 
significant difference was found between the two experiments under Period 1 (p = 0.11). Meanwhile, Experiment 
2 resulted in a higher precision than Experiment 1 under Period 2 (58% vs. 66%, p = 1.3 × 10 −8). Regarding bias 
in the long-term water balance, no significant difference was found for Period 1 (p = 0.40), whereas for Period 2, 
Experiment 2 attained a significantly lower bias compared with Experiment 1 (4% vs. 6%, p = 0.0059). In other 
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words, Bayesian calibration using multi-objective priors resulted in lower total uncertainty in streamflow predic-
tions with lower bias in long-term water balance and no significant loss in reliability.

3.4.  Performance of Uncertainty Quantification of ERHIs

Figure 4 shows the distribution of the relative errors for the 32 IHA and Magnificent seven indices selected in this 
study and reported in Table 2. This figure presents the parametric predictive distributions for the multi-objective 
calibration under Period 1 because 𝐴𝐴 𝐴𝐴𝑤𝑤 was not directly calibrated in this case. As expected, all Pareto-optimal 
predictions fell within the ±30% relative error range due to the optimization constraints in ERHIs accuracy. 
However, note that only about 50% of the ERHIs computed on the observed streamflows fell within the 
Pareto-optimal predictive distributions. The situation was not better for the non-informative Bayesian calibration 
predictions under the same period. Meanwhile, the non-informative case under Period 2 contained 64% of the 
observed ERHIs, against 56% for Experiment 2 (see columns 3 and 4 in Table 3). Furthermore, all the predictive 
distributions for indices under the “frequency and duration of high and low pulses” category did not contain 
observed ERHIs under Period 2. The same situation was observed for DL1 (i.e., annual daily minimum), RA8 
(i.e., reversals), and MAG3 (i.e., L-skewness). Distributions obtained with the Bayesian calibration using prior 
knowledge were particularly limited in the prediction of low-flow-related ERHIs across all the streamflow regime 
facets (i.e., magnitude, duration, frequency, rate of change, and timing). This limitation is likely a consequence 

Figure 3.  Uncertainty quantification performance using multi-objective calibration and Bayesian parameter estimation. The hydrographs (first column from left to 
right) represent the 95% prediction bounds for streamflow; light gray is for total uncertainty, dark gray is for parametric uncertainty, red line are observations. The 
second column presents scatter plots comparing the average model predictions and observations, reporting the root-mean-square error (rmse). The third column presents 
the corresponding quantile-quantile plots (PQQ) using a standard uniform distribution. The fourth column presents the overall performance indices for reliability (R), 
precision (P), and Bias. (a) Experiment 1, Period 1; (b) Experiment 2, Period 1; (c) Experiment 1, Period 2; (d) Experiment 2, Period 2.
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of structural inadequacies in the SWAT model (Tan et al., 2020). For instance, end-of-summer monthly flows 
(i.e., July-August months) were drastically over-predicted due to a lagged simulation in the timing of annual 
minima (i.e., a delayed transition toward the fall season). Therefore, modeling inaccuracies affect intermediate- 
and base-flows (e.g., oversimplified unsaturated zone model structure). Regarding the frequency and duration of 
extreme pulses, temporal and spatial uncertainty in input weather data with missing events are likely the main 
factor driving poor ERHIs predictions (Tan et  al.,  2020). Other factors affecting model performance include 
limitations in the snow melt and evapotranspiration modules (Duan et al., 2018; Valipour et al., 2017). Still, it 
is worth noting that Bayesian calibration using prior knowledge resulted in narrower predictive distributions 
compared with the non-informative case under Period 2 (see columns 7 and 8 in Table 3), which explains the 
tradeoff between precision and reliability.

The aforementioned limitations in the accuracy of ERHIs predictive distributions were not surprising since we 
were trying to fit multiple streamflow facets simultaneously. Moreover, total uncertainty propagation through 
ERHIs computation affects precision and impacts the overall central tendency of the predictive distributions. 
Instead, our main interest was to limit the bias and the overall dispersion within the nominal ±30% relative error 
range. When comparing the median ERHIs relative errors against the acceptability threshold, we found that both 
experiments under Period 2 yielded 90% of the median ERHIs within the acceptability threshold. For Experiment 
2, ERHIs with the median outside the acceptability range include MA18-19 (i.e., monthly flows for July and 
August, summer flows), DL1, and FH1 (i.e., frequency of high flow pulses). For Experiment 1, ERHIs with the 
median outside the acceptability range include MA12 and MA15 (i.e., monthly flows for January and April), TH1 
(i.e., Julian day of annual maximum), and FH1.

In general, Experiment 2 exhibited a better performance in ERHIs prediction compared with Experiment 1 because 
the overall precision had an average increase of ∼32%. Regarding bias, ∼59% ERHIs exhibited lower (better) 
values for Experiment 2 compared with the non-informative case. It is worth noting that ERHIs predictions 

Figure 4.  Distribution of relative errors of the selected ecologically relevant hydrologic indices (ERHIs) using multi-objective calibration (Experiment 2, Period 1—
E2P1) and Bayesian parameter estimation (Experiment 1, Period 1—E1P1; Experiment 1, Period 2—E1P2; Experiment 2, Period 2—E2P2). Box and whiskers represent 
the 50% and 95% confidence limits, respectively; points represent median relative error values; the vertical dotted line represents the zero axis, the gray area represent 
the nominal ±30% ERHI uncertainty. Index abbreviations are reported in Table 2.

 19447973, 2022, 9, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2021W

R
031104 by C

ochrane C
olom

bia, W
iley O

nline L
ibrary on [20/02/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Water Resources Research

HERNANDEZ-SUAREZ AND NEJADHASHEMI

10.1029/2021WR031104

15 of 19

ERHI category ERHI

Dist. contains 
observed ERHI

Median within 
±30% range Precision (%) Bias (%)

Exp. 1 Exp. 2 Exp. 1 Exp. 2 Exp. 1 Exp. 2 Exp. 1 Exp. 2

Magnitude of monthly water conditions MA12 ✓ ✓ 14.4 6.8 49.6 −2.7

MA13 ✓ ✓ ✓ 12.8 7.2 27.9 1.8

MA14 ✓ ✓ ✓ 6.4 5.8 −17.4 −4.7

MA15 ✓ ✓ 7.7 5.7 −41.8 −8.8

MA16 ✓ ✓ ✓ 12.6 8.1 −13.3 22.7

MA17 ✓ ✓ ✓ ✓ 13.1 8.4 −9.6 13.9

MA18 ✓ ✓ 20.2 12.1 29.9 53.5

MA19 ✓ ✓ 17.5 10.9 26.1 34.9

MA20 ✓ ✓ ✓ ✓ 12.9 9.4 5.2 −1.0

MA21 ✓ ✓ ✓ ✓ 9.3 9.0 −15.9 4.9

MA22 ✓ ✓ ✓ 9.2 7.4 −24.5 5.0

MA23 ✓ ✓ ✓ ✓ 11.7 6.3 2.2 −4.3

Magnitude and duration of annual extreme water conditions (mean daily flow) DL1 ✓ 12.3 8.3 −28.0 −30.5

DL2 ✓ ✓ ✓ 12.6 8.3 −21.6 −24.0

DL3 ✓ ✓ ✓ ✓ 13.1 8.4 −12.5 −14.9

DL4 ✓ ✓ ✓ ✓ 15.0 8.8 17.9 15.2

DL5 ✓ ✓ ✓ 11.9 7.0 12.2 17.3

DH1 ✓ ✓ ✓ 10.6 7.6 −27.3 −8.0

DH2 ✓ ✓ ✓ ✓ 10.6 7.3 −24.8 −6.7

DH3 ✓ ✓ ✓ ✓ 9.9 6.7 −21.3 −5.9

DH4 ✓ ✓ ✓ ✓ 8.1 5.8 −14.4 −2.2

DH5 ✓ ✓ ✓ ✓ 7.1 4.5 −12.4 2.0

ML17 ✓ ✓ ✓ 13.7 7.3 −6.6 −18.1

Timing of annual extreme water conditions TL1 ✓ ✓ ✓ 11.2 8.1 0.8 18.0

TH1 ✓ ✓ 34.7 33.5 −59.2 −27.0

Frequency and duration of high and low pulses FL1 ✓ ✓ 13.8 7.2 29.0 27.6

DL16 ✓ ✓ 8.8 6.9 −27.6 −27.8

FH1 11.2 8.0 46.0 30.5

DH15 ✓ ✓ 7.2 6.7 −28.5 −20.1

Rate and frequency of water condition changes RA1 ✓ ✓ ✓ ✓ 6.6 3.6 −12.6 4.3

RA3 ✓ ✓ ✓ 8.1 4.2 12.1 25.1

RA8 ✓ ✓ 1.9 1.8 29.5 29.5

Magnificent seven MAG1 ✓ ✓ ✓ ✓ 6.4 3.4 −6.2 4.3

MAG2 ✓ ✓ ✓ ✓ 4.4 2.3 −6.9 0.1

MAG3 ✓ ✓ 5.4 3.7 −15.2 −9.8

MAG4 ✓ ✓ ✓ 7.8 5.2 −14.7 −16.7

MAG5 ✓ ✓ ✓ ✓ 2.5 2.0 1.7 −2.1

MAG6 ✓ ✓ ✓ ✓ 20.0 10.7 4.9 −15.7

MAG7 ✓ ✓ ✓ 5.9 3.4 −12.2 7.5

Note. Reliability was evaluated by identifying whether the distributions contained the ERHIs from observations, and whether the median of the distributions was within 
the ±30% relative error range. Exp. 1 = Experiment 1; Exp. 2 = Experiment 2. ERHI, ecologically relevant hydrologic indices.

Table 3 
Performance of Predictive Distributions of ERHIs Obtained Under Period 2
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behaved differently depending on the calibration approach, as revealed by the differences in some posterior model 
parameter distributions and related measures (especially bias) such as the magnitude of monthly flows (i.e., 
MA12—MA22), the duration of high flow conditions (i.e., DH1—DH5), and timing of extreme flows (i.e., TL1, 
TH1). For instance, Experiment 1 increased runoff generation and transmission losses and regulated groundwater 
return to the main channels. Meanwhile, Experiment 2 decreased runoff generation, increased water storage, and 
increased groundwater and lateral flow contributions. As a result, non-informative Bayesian calibration generated 
a lower bias for low flow ERHIs than Experiment 2. Likewise, Experiment 2 resulted in a lower bias for high 
flow ERHIs compared with Experiment 1. The main factors contributing to these differences were the constraints 
inherited through the informative prior distribution and the likelihood function (particularly, the transformational 
approach selected to address heteroscedasticity). Deciding for a preferred calibration option ultimately requires a 
better understanding and assessment of the internal modeling processes using observations for variables of other 
water cycle components such as groundwater levels, soil moisture, and evapotranspiration. Also, a better charac-
terization of other uncertainty sources is required.

4.  Conclusions
In this study, we successfully linked multi-objective calibration with Bayesian parameter estimation for ERHIs 
uncertainty quantification. We achieved this by using a multivariate prior distribution of model parameters based 
on near-optimal Pareto solutions. The connection allowed the transfer of predefined ERHIs accuracy constraints 
into the overall Bayesian inference framework. The proposed method can be applied to any hydrological model, 
study area, and subsets of hydrologic signatures. The main advantage of the developed strategy is the use of 
multiple sources of information contained within a single continuously measured quantity for improving stream-
flow regimes prediction. Other benefits—compared with Bayesian calibration using uniform priors—included: 
(a) 26% faster convergence to a stationary multivariate posterior distribution of model parameters using the 
MT-DREAM(ZS) algorithm, (b) drastic reduction (72%) of parametric uncertainty in streamflow predictions, (c) 
lower average coefficient of variance (a.k.a., precision, 58% vs. 66%, p < 0.05) in streamflow predictive uncer-
tainty with lower bias (4% vs. 6%, p < 0.05) in the long-term water balance and no significant loss in reliability 
(6% vs. 2%, p = 0.07), and (d) 32% increase in precision of ERHIs' prediction.

A disadvantage of the proposed two-stage framework is the increased computational cost since results of 
multi-objective model calibration must be obtained before executing the Bayesian parameter estimation algorithm. 
Therefore, further work is needed to develop a more efficient multi-objective Bayesian calibration framework, 
including the use of surrogate models. Meanwhile, it is worth noting that using prior knowledge had an important 
effect on how the hydrological model internally simulated surface runoff, interflow, and baseflow, as reflected by 
differences in related parameter posteriors. For example, when using uniform priors, the chosen likelihood func-
tion favored the representation of low flows at the expense of high flows. Meanwhile, multi-objective calibration 
priors resulted in the opposite outcomes, yielding better results for high flows and behaving rather poorly for low 
flows. Therefore, further work is needed for understanding the tradeoffs between priors and likelihood functions 
for improving streamflow and ERHIs prediction. Ultimately, deciding on a particular modeling path depends on 
a better characterization of uncertainty sources (e.g., weather data, land use change, non-stationarity effects) and 
the incorporation of additional information, including remote sensing products, for other water cycle components 
(e.g., evapotranspiration, soil moisture, groundwater levels, leaf area index). Also, persistent limitations in ERHIs 
prediction for low flows, rate of change, and frequency and duration of high and low pulses require the revision 
of modeling workflows and structures to describe the ecohydrological behavior of freshwater ecosystems better. 
In particular, additional work is needed to evaluate the impacts of different potential evapotranspiration methods 
and surface-groundwater interaction routines in the prediction of ERHIs.

Data Availability Statement
The codes and model files used in this study are available at: https://github.com/jshernandezs/swat-pytools. 
Model calibration outputs and scripts for reproducing the figures presented in this article are available at: http://
www.hydroshare.org/resource/02b1eaa825614f02a3ad07b94eac1e95.
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