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A B S T R A C T

Due to the significant costs associated with stream health monitoring, hydrological modeling is widely used to
calculate ecologically-relevant hydrologic indices to better understand the overall condition of streams within
large and diverse watersheds. However, hydrologic modeling’s ability to replicate these indices is limited,
especially when calibrating models by optimizing a single objective function or when selecting a single optimal
solution. Hence, this study evaluates the performance of multi-objective model calibration in representing 167
hydrologic indices of ecological interest using the median values of different Pareto-optimal solution sets. For
this purpose, two strategies based on three Nash-Sutcliffe Efficiencies (NSE), and root-mean-squared error
(RMSE) with explicit hydrograph partitioning, were implemented. Additionally, the k-means clustering tech-
nique was employed to define subsets of Pareto-optimal solutions representing high, medium, and low flow
conditions. The Soil and Water Assessment Tool (SWAT) was set up for the Honeyoey Creek-Pine Creek
Watershed, located in Michigan, USA, and was calibrated using a single streamflow gauging station and the
recently proposed multi-objective optimization algorithm – Non-dominated Sorting Genetic Algorithm III
(NSGA-III). The results show that the NSE- and RMSE-based calibration strategies can represent 128 and 123
indices within a range of± 30% relative errors, respectively. In addition, the results of this study demonstrated
that using different set of solutions, instead of a single optimal solution, introduces more flexibility in the
predictability of different hydrologic indices of ecological interest. Moreover, it is suggested that a multi-ob-
jective calibration approach allows the systematic identification of groups of poorly represented and closely
related indices. Knowing these poorly represented indices would facilitate the formulation of additional ob-
jective functions intended to improve model performance or to detect structural inadequacies.

1. Introduction

Alteration of rivers (e.g. regime, temperature and water quality)
driven by human interventions and changing environmental conditions
are threatening water security and freshwater biodiversity around the
world (Bunn and Arthington, 2002; Carpenter et al., 2011; Dudgeon
et al., 2006; Hipsey et al., 2015; Vörösmarty et al., 2010). Traditionally,
stream condition evaluation has used chemical and microbiological
constituents as criteria (Karr and Yoder, 2004). However, the lack of
holistic approaches resulted in further degradation of aquatic ecosys-
tems (Hering et al., 2010; Jelks et al., 2008). To overcome this issue,
biological assessments were introduced to provide additional insight
into the overall ecological integrity of streams (US EPA, 2011; Woznicki
et al., 2016a), and therefore, can be used for environmental manage-
ment and decision-making.

Biological assessments measure the biota (e.g. fish, benthic macro-
invertebrates, periphyton, amphibians) within a stream to obtain in-
formation regarding its biological integrity (US EPA, 2011). In this
context, biological integrity is the capacity to support and maintain a
“balanced, integrated, and adaptive” biological system within the ex-
pected structure and function of the natural habitat of a particular re-
gion (Karr, 1996; Karr and Dudley, 1981). Stream health integrates the
physical, chemical and biological integrity of a stream, which supports
living systems that are necessary for human well-being (Karr, 1999;
Maddock, 1999). Stream health indices are generally based on in-
dividual characteristics comprised of species abundance and condition,
species richness and composition, or trophic composition (Herman and
Nejadhashemi, 2015). However, due to limited economic resources, it is
not possible to measure these characteristics for all streams within a
watershed. Therefore, stream health evaluation based on field data is
very limited. To address this difficulty, several modeling approaches
have been introduced to extend the available information to ungauged
locations (Woznicki et al., 2015).

Streamflow regime has been recognized as a key determinant for
sustaining biodiversity and ecological integrity. Thus, ecologically-re-
levant hydrologic indices are often used as predictors in stream health
models besides landscape factors and water quality indicators (Poff and
Zimmerman, 2010; Woznicki et al., 2016a). Prediction of ecologically-
relevant hydrologic indices include the use of regional statistic ap-
proaches (Carlisle et al., 2009; Dhungel et al., 2016; Knight et al., 2012;
Patrick and Yuan, 2017; Sanborn and Bledsoe, 2006; Yang et al., 2016),
and hydrological modeling (Caldwell et al., 2015; Kennen et al., 2008;
Kiesel et al., 2017; Olsen et al., 2013; Vis et al., 2015; Wenger et al.,

2010; You et al., 2014). The use of hydrological models is especially
preferred when it is necessary to evaluate the change of stream health
driven by modifications in land use, environmental conditions or
management practices (Poff et al., 2010; Shrestha et al., 2016; Woznicki
et al., 2016b). However, hydrologic models’ ability to replicate ecolo-
gically-relevant indices is limited (Vigiak et al., 2018). Some studies
have shown that the use of typical calibration approaches (i.e. single-
objective based on widely used performance metrics) produces poor
representations of some streamflow regime characteristics (Murphy
et al., 2013; Vis et al., 2015). For instance, while average conditions are
generally well-predicted, low- and high-flow indices are frequently over
or under predicted (Wenger et al., 2010). Moreover, no model has been
found to provide all selected ecologically-relevant hydrologic indices
within± 30% of the observed values (Caldwell et al., 2015; Vis et al.,
2015). Therefore, several studies have proposed to explicitly include
ecologically-relevant hydrologic indices into the objective functions for
model calibration to improve the overall performance of streamflow
regime simulations (Murphy et al., 2013; Shrestha et al., 2014; Vis
et al., 2015). For instance, Kiesel et al. (2017) and Zhang et al. (2016)
used multi-metric (i.e. aggregated) objective functions based on a re-
duced number of ecologically-relevant hydrological indices (12 and 16
indices, respectively). They found that it is possible to obtain better
overall representations of streamflow regime compared to objective
functions based only on conventional performance metrics (e.g. coef-
ficient of efficiency, mean squared errors, correlation coefficient).
However, optimal solutions were still unable to effectively represent all
hydrological indices individually, especially when they are not ex-
plicitly included in the objective function formulation (Kiesel et al.,
2017). In addition, optimal solutions are sensitive to the weights as-
signed to each ecological-relevant hydrological index in the multi-me-
tric objective function (Zhang et al., 2016). Furthermore, different au-
thors have suggested the use of typical performance metrics with
transformations (e.g. square root, reciprocal, or normalization of
streamflow values) (Garcia et al., 2017; Oudin et al., 2006; Pushpalatha
et al., 2012) or explicit hydrograph partitioning (Pfannerstill et al.,
2014) for model calibration. However, these approaches have mainly
shown improvements in the representation of target flow conditions
rather than the overall streamflow regime, or have been evaluated
using traditional performance metrics instead of ecologically-relevant
hydrological indices.

Furthermore, the aforementioned studies have mainly implemented
single-objective algorithms for model calibration. Therefore, these
previous studies present no integrated perspectives on relationships
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between different performance metrics or hydrological indices involved
in the model calibration process. Meanwhile, multi-objective optimi-
zation algorithms are very useful for evaluating the tradeoffs between
different metrics and objective functions involved in hydrologic model
calibration (Price et al., 2012), and can provide sets of solutions able to
represent different flow conditions (Efstratiadis and Koutsoyiannis,
2010; Reed et al., 2013). However, Pareto-optimal solutions are not
usually evaluated employing ecologically-relevant hydrological indices,
but instead pure hydrological signatures based on, for example, Flow
Duration Curve (FDC) segments or runoff ratios (Shafii and Tolson,
2015; van Werkhoven et al., 2009). Moreover, many studies have been
more concerned about selecting a best single solution than analyzing
the whole set of Pareto-optimal solutions, which could provide better
results for overall streamflow regime representation. For instance, Vis
et al. (2015) attributed high model efficiencies when using the median
of several optimum solutions as a “more robust prediction” for ecolo-
gically-relevant hydrologic indicators. Therefore, the objective of this
study is to identify an objective function best suited for stream health
model applications using a multi-objective optimization algorithm for
model calibration. Typical performance metrics that represent different
flow conditions and explicit hydrograph partitioning are considered in
this study. For this purpose, the Soil and Water Assessment Tool
(SWAT) watershed model and the NSGA-III multi-objective optimiza-
tion algorithm are jointly implemented. Then, a set of 167 ecologically-
relevant hydrologic indices is used for evaluating the ability of the re-
sulting Pareto-optimal solutions in representing the overall streamflow
regime.

2. Materials and methods

Two strategies based on a multi-objective optimization technique
for model calibration were compared to evaluate their abilities to

predict ecologically-relevant hydrologic indices (Fig. 1). The first multi-
objective strategy calibrates the model based on three different forms of
Nash-Sutcliffe Efficiency (NSE) described by Krause et al. (2005) and
Pushpalatha et al. (2012) that are suitable for evaluating high, medium,
and low flows. In the second strategy, observed daily flow time series
were divided into three categories (high, medium, and low flows) using
explicit thresholds for low and high flow (flows exceeded 75% and 25%
of the time, respectively). For each category, an objective function
based on the root-mean-square error (RMSE) was computed. Pareto-
optimal solutions for calibrated model parameters were obtained for
each multi-objective strategy employing the NSGA-III algorithm (Deb
and Jain, 2014; Jain and Deb, 2014).

For both strategies, the Soil and Water Assessment Tool (SWAT)
(Arnold et al., 2012; Neitsch et al., 2011) was used to simulate daily
streamflow discharge time series for every stream segment, and the
MATLAB Hydrological Index Tool (Abouali et al., 2016) was employed
to calculate 167 hydrologic indices intended to characterize streamflow
regime (Olden and Poff, 2003). Hydrologic indices were computed for
each Pareto-optimal point obtained from both multi-objective strategies
and for the observed flow dataset. Then, model outputs and indices
were evaluated with respect to the observed values using statistical
analysis. For this purpose, Pareto-optimal points for each multi-objec-
tive strategy were clustered into three groups using the k-means method
(Arthur and Vassilvitskii, 2007), while Generalized Least-Square (GLS)
estimation was used to analyze the differences between the simulated
and observed mean streamflow values. The median errors between the
hydrologic indices based on Pareto-optimal solutions and observed time
series were evaluated with respect to the± 30% uncertainty bound for
the observed values, as reported by previous studies (Caldwell et al.,
2015; Kennard et al., 2009; Vis et al., 2015). Results were compared
with the optimal solutions from a single-objective approach in which
the objective functions are based on NSE as recommended by Moriasi

Fig. 1. A schematic diagram presenting the overall multi-objective model calibration and evaluation process. Q25 and Q75 are the flows exceeded 25% and 75% of
the time, respectively, NSE is the standard Nash-Sutcliffe Efficiency, NSEsqrt is the root-squared-transformed NSE, NSErel is the relative NSE, RMSE is the Root-Mean-
Square Error, and MHIT is the MATLAB Hydrological Index Tool.
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et al. (2015) for evaluation of hydrological models. Moreover, given
that both NSE and RMSE are computed using the sum of the square
differences between observed and simulated values, and NSE is non-
dimensional, only NSE was considered for the single-objective model
calibration.

2.1. Study area

In order to perform environmental flow analysis, it is desirable to
identify areas where urbanization is limited, streamflow is not regu-
lated or its alteration is negligible, and observed discharge records are
available for almost all the studied period (Olden and Poff, 2003). The
Honeyoey Creek–Pine Creek Watershed, with a drainage area of
1010 km2, meets all the criteria, because urbanization is less than 4%,
streamflow regulation is limited, and observed streamflow data for the
period is complete. The study area is located in the Saginaw Bay Wa-
tershed in east-central Michigan (Fig. 2), which is the largest watershed
in the state and is identified as an area of concern by the US Environ-
mental Protection Agency due to pollution from sediment and nutrients
that resulted in eutrophication, fish habitat degradation, and loss of
recreational values, among others (EPA, 2015). The watershed has an
average slope of 1.9% ranging from 12–39% in the headwaters to
0–1.4% in the lowlands (NED, 2015). The region has a temperate cli-
mate with distinct seasons (Andresen and Winkler, 2009). The average
annual rainfall is about 840mm for the period 1981–2010 (NOAA,
2017). However, the precipitation regime is bimodal, with maxima in
May and September, and minima in February and July. Mean annual air
temperature in the watershed is 9 °C, with a minimum monthly tem-
perature of −9 °C in January and a maximum monthly temperature of
28 °C in July. The dominant land use is agriculture, covering about 50%
of the watershed, followed by forests (24%), wetlands (16%) and pas-
turelands (7%) (NASS, 2012). Over 60% of the river network’s riparian
vegetation has not been altered by human activities. The dominant soil

textures are loamy sand, sandy loam, loam/clay loam, and sand, which
cover about 30, 26, 20 and 11% of the study area, respectively (NRCS,
2014). The average flow is about 10.3m3/s at the outlet of the wa-
tershed. High flows occur between March and May as a result of snow
melting and high precipitation, while low flows occur between July and
October, during summer and fall seasons (USGS, 2017). High flows,
considered in this study as those that are exceeded at most 25% of the
time (Q25), have magnitudes above 11.3 m3/s while low flows are
defined as those with values below 3.9m3/s, which is the discharge
exceeded 75% of the time (Q75).

2.2. Data collection

Datasets required for the hydrologic modeling comprise topo-
graphy, land use, soil properties, climate, and observed streamflow
discharge. The National Elevation Dataset from the US Geological
Survey (USGS) with 30m spatial resolution was used to represent the
topography of the watershed (NED, 2015). The land use characteristics
were obtained from the Cropland Data Layer developed by the National
Agricultural Statistics Service of the US Department of Agriculture
(USDA-NASS) with 30m spatial resolution (NASS, 2012). The soil
properties were compiled from the Natural Resources Conservation
Service’s (NRCS) Soil Survey Geographic (SSURGO) Database, at a scale
of 1: 250,000 (NRCS, 2014). Daily time series for precipitation and
temperature from 2001 through 2014 were obtained from two weather
stations that belong to the National Climatic Data Center (NOAA,
2017). Relative humidity, solar radiation and wind speed time series for
the same time span were provided by the stochastic weather generator
WXGEN (Neitsch et al., 2011) included in SWAT. Daily streamflow
discharges between 2003 and 2014 were obtained from the Pine River
Near Midland gauging station (ID 04155500) (USGS, 2017).

Fig. 2. Location and topography of the study area.
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2.3. SWAT model description

The Soil and Water Assessment Tool (SWAT version 2012, rev. 614)
is a semi-distributed, continuous-time, process-based hydrological
model, which simulates water flow, sediment transport, and water
quality processes in watersheds (Arnold et al., 1998). SWAT divides a
watershed into subwatersheds that are further discretized into multiple
units with homogeneous land use, slope, and soil characteristics known
as hydrologic response units (HRU). The main processes in SWAT in-
clude snow accumulation and melting, evapotranspiration, infiltration,
percolation losses, surface runoff, channel routing, and groundwater
flows (Neitsch et al., 2011).

SWAT is used in this study for daily flow simulation between 2003
and 2014 for all 749 defined stream segments in the Honeyoey
Creek–Pine Creek watershed. Fifteen parameters were selected for
model calibration whose description and ranges of variation are pre-
sented in Table 1. The calibration period was defined between 2003 and
2008, while the validation period spans between 2009 and 2014.
Meanwhile, two years of warm-up period (2001–2002) were considered
to stabilize initial conditions of soil water (Cibin et al., 2010).

2.4. Hydrologic indices

The 171 hydrologic indices reported by Olden and Poff (2003) were
evaluated for all Pareto-optimal solutions after completing each multi-
objective model calibration. For this study, we discarded four indices
related to the frequency and duration of zero-flow days and low flow
spells, which were all equal to zero in this case. Then, the remaining
167 hydrologic indices were compared with the respective indices for
the observed dataset, including the calibration and validation periods.
The evaluated hydrologic indices characterize the streamflow regime in
terms of magnitude, frequency, duration, timing and rate of change of
flows (Poff et al., 1997; Richter et al., 1996) for a given daily time-
series. These indices were classified into eleven groups: magnitude for
low (ML), average (MA), and high (MH) flow conditions; frequency for
low (FL), and high (FH) flow conditions; duration for low (DL), and
high (DH) flow conditions; timing for low (TL), average (TA), and high
(TH) flow conditions; and rate of change for average (RA) flow

conditions. The hydrologic indices were computed using the MATLAB
Hydrological Index Tool (MHIT), which has shown better computing
performances in comparison to other available packages when handling
high number of datasets (Abouali et al., 2016).

2.5. Objective functions

In this study, we contrast the ability of two commonly used proce-
dures in representing a wide number of the streamflow metrics related
to environmental flows indicated in Section 2.4. Each procedure refers
to a specific three-dimensional objective space (Fig. 3). Further details
are presented next.

2.5.1. Nash-Sutcliffe efficiency-based objective functions
In this strategy, NSE-based objective functions are formulated to

represent different parts of the observed hydrograph. Krause et al.
(2005) and Pushpalatha et al. (2012) indicated that standard NSE, Eq.
(1) (Nash and Sutcliffe, 1970) is very sensitive to high flows on con-
tinuous simulations, given that the differences between simulated and
observed values are squared. Meanwhile, NSE calculated on root
squared transformed flows (Eq. (2), NSEsqrt) has been found to provide
a more balanced performance because the errors are more equally
distributed on high and low flow portions of the hydrograph (Oudin
et al., 2006; Pushpalatha et al., 2012). Additionally, relative NSE (Eq.
(3), NSErel), described by Krause et al. (2005), suppresses the influence
of peak flows on the efficiency computation, making it more sensitive to
low flows. Pushpalatha et al. (2012) showed that NSE computed on the
reciprocal of flow values (inverse transformed flows) is better suited for
low flow conditions, focusing on the 20% lowest flows on average.
However, in this study we decided to use the NSErel given that some of
the ecologically-relevant hydrologic indices (e.g. low flow index, base
flow indices, indices based on moving averages) computed by MHIT for
low flows are based also on overall flow values. Therefore, NSE, NSEsqrt,
and NSErel were used to represent high, medium, and low flows, re-
spectively.
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Table 1
Calibrated ranges obtained with Pareto-optimal solutions. Values without brackets correspond to NSE-based strategy results while values within brackets correspond
to RMSE-based strategy results.

Parameter** Initial range Calibrated ranges per cluster

All solutions High Flow Medium Flow Low flow

BIOMIX 0–1 0–0.97 [0.02–0.99] 0–0.97 [0.02–0.96] 0–0.63 [0.03–0.99] 0.04–0.87 [0.07–0.99]
CN2* (−0.25)–0.25 (−0.25)–0.25 [(−0.25)–0.25] (−0.25)–(−0.22) [(−0.25)–0.23] (−0.25)–(−0.21) [(−0.25)–0.25] 0.246–0.249 [(−0.24)–0.25]
CANMX 0–100 10–100 [1.4–91] 10–68 [4.7–78] 11–95 [20–91] 36–100 [1.4–70]
ESCO 0.01–1 0.74–1 [0.6–1] 0.85–0.96 [0.6–1] 0.74–0.91 [0.9–1] 0.91–1 [0.9–1]
EPCO 0.01–1 0.01–0.9 [0.01–0.9] 0.01–0.79 [0.01–0.8] 0.01–0.9 [0.01–0.9] 0.09–0.47 [0.1–0.9]
GW_DELAY 0–500 0–309 [0–499] 0–0.1 [0.01–0.34] 0–0 [0–415] 237–309 [141–499]
ALPHA_BF 0–1 0.05–0.29 [0.05–0.33] 0.23–0.29 [0.13–0.32] 0.19–0.28 [0.1–0.33] 0.05–0.11 [0.05–0.24]
GWQMN 0–5000 0–4861 [38–2018] 2–154 [38–636] 0–614 [479–2018] 1221–4861 [331–649]
GW_REVAP 0.02–0.2 0.02–0.2 [0.03–0.2] 0.02–0.2 [0.03–0.2] 0.03–0.19 [0.1–0.16] 0.11–0.2 [0.12–0.17]
REVAPMN 0–1000 48–959 [0.15–840] 50–953 [0.15–840] 48–959 [0.88–550] 60–378 [16.41–450]
RCHRG_DP 0–1 0.28–0.63 [0.28–0.75] 0.52–0.63 [0.28–0.64] 0.43–0.55 [0.3–0.45] 0.28–0.41 [0.3–0.75]
CH_N (2) 0.001–0.3 0.03–0.23 [0.02–0.3] 0.03–0.04 [0.02–0.04] 0.03–0.04 [0.02–0.08] 0.13–0.23 [0.05–0.3]
CH_K (2) 0–500 10–34 [12–57] 23–31 [21–51] 22–34 [28–57] 10–21 [12–52]
SOL_AWC* (−0.25)–0.25 (−0.25)–0.25 [(−0.25)–0.23] 0.02–0.25 [(−0.19)–0.23] 0.11–0.25 [(−0.25)–0.16] (−0.25)–(−0.13) [(−0.22)–0.23]
SURLAG 1–24 1–1.4 [1–19.2] 1–1.1 [1–1.2] 1–1.2 [1–13.4] 1.1–1.4 [1–19.2]

* These parameters are treated as global multiplying factors that modify the assigned values for each HRU depending on soil type and land use.
** ALPHA_BF, Baseflow alpha factor (days−1); BIOMIX, Biological mixing efficiency; CANMX, Maximum canopy storage (mm H2O); CH_K (2), Effective hydraulic

conductivity in main channel alluvium (mmh−1); CH_N (2), Manning’s “n” value for the main channel; CN2, Initial SCS runoff number for moisture condition II;
EPCO, Plant uptake compensation factor; ESCO, Soil evaporation compensation facor; GW_DELAY, Groundwater delay time (days); GWQMN, Threshold depth of
water in the shallow aquifer required for return flow to occur (mm H2O); GW_REVAP, Groundwater “revap” coefficient; REVAPMN, Threshold depth of water in the
shallow aquifer for “revap” or percolation to the deep aquifer to occur (mmH2O); RCHRG_DP, Deep aquifer percolation fraction; SOL_AWC, Available water capacity
of the soil layer (mmH2Omm−1 soil); SURLAG, Surface runoff lag coefficient.
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where O and P are the observed and predicted values, respectively. For
all NSE-based criteria, the objective functions (OF) were minimized by
computing 1 – NSE, which have a range between zero and infinity.
Values for any form of NSE range from minus infinity to one, while the
corresponding OFs range from zero to infinity. A perfect fit between
simulated and observed values is achieved when all NSE are equal to
one and corresponding OFs are equal to zero.

2.5.2. Root-Mean-Square Error-based objective functions
In this strategy, RMSE-based objective functions are formulated for

streamflow calibration. The time series for the entire study period
(2003–2014) was divided into three categories representing high,
medium, and low flows using the Q25 and Q75 thresholds obtained
from the observed data. To have the same amount of observed and si-
mulated points in each category, the simulated time series are divided
following the observed time series partitioning. Then, the RMSE is
computed for each flow category:

∑= −
=n

O PRMSE 1 ( )
j i

n
i ij 1

2j

(4)

where j refers to the flow category and nj is the number of observations
for each category. Each minimization OF is equal to the computed
RMSE for each category. A perfect fit between observed and simulated
values yield an RMSE equal to zero.

2.6. Multi-objective optimization algorithm

Multi-objective evolutionary algorithms (MOEAs) are population-
based heuristic search methods that use randomly generated points that
move towards an optimal Pareto front using evolutionary operators
(Coello Coello et al., 2007). MOEAs have been widely implemented
during the last two decades for water resources applications
(Efstratiadis and Koutsoyiannis, 2010; Maier et al., 2014; Reed et al.,
2013). For instance, the Non-dominated Sorting Genetic Algorithm II
(NSGA-II) (Deb et al., 2002) has been widely-used for hydrologic model
calibration (e.g. Bekele and Nicklow, 2007; Confesor and Whittaker,
2007; Lu et al., 2014; Shafii and De Smedt, 2009). The popularity of
NSGA-II is mainly given by its simplicity, modularity, parameter-less
property, and good performance for difficult two-objective problems
(Deb, 2008). However, without any extensions or combinations with
other approaches, the NSGA-II by itself has shown shortcomings for
solving problems with three or more objectives (Deb and Jain, 2014;
Reed et al., 2013; Sindhya et al., 2013).

NSGA-III, which is based on the NSGA-II framework, is the evolu-
tionary multi-objective optimization algorithm used to implement the
two multi-objective calibration strategies (Deb and Jain, 2014; Jain and
Deb, 2014). NSGA-III is an elitist reference-point-based procedure that
uses non-domination sorting to solve problems with four or more ob-
jectives. This procedure has also shown good performance solving cases
with three objectives (Seada and Deb, 2016). The main difference be-
tween NSGA-II and NSGA-III is the niching method which is a proce-
dure to maintain diversity among solutions (Deb, 2001). NSGA-II uses
crowding distances, while NSGA-III is reference-directions-based (Deb
and Jain, 2014; Jain and Deb, 2014). A reference direction is a line that
crosses both the origin and a supplied reference point in the objective
space. A detailed explanation of the algorithm can be found in Deb and
Jain (2014) and Seada and Deb (2016). To the best of our knowledge,
this is the first time that the NSGA-III algorithm is used for hydrologic
model calibration.

NSGA-III’s parameters are the population size (equal to the number
of reference points, assigned here equal to 100), the number of gen-
erations (assigned here as 500), crossover and mutation probabilities
(assigned as 0.9 and the reciprocal of the number of calibration para-
meters, respectively), and distribution indices for each genetic opera-
tion (i.e. Simulated Binary Crossover – SBX, and polynomial mutation,
assigned as 10 and 20, respectively). The NSGA-III implementation used
in this study was programmed in Java and was provided by the
Computational Optimization and Innovation (COIN) Laboratory at
Michigan State University. The Java code was adapted for this study to
have a connection with SWAT to perform the automatic calibration
process.

The convergence to the optimal Pareto front was evaluated using
the hypervolume indicator, which is a measure of the volume enclosed
by a Pareto front with respect to a specified reference point (Auger
et al., 2009). The optimal Pareto front was selected when a steady
behavior of the hypervolume indicator was observed across the pre-
ceding generations. In this study, the reference points for each strategy
were selected with NSE=NSEsqrt =NSErel = 0, and RMSEH=RMSEM
=30m3/s and RMSEL= 10m3/s, which approximately correspond to
the extreme objective function values visited by the optimization al-
gorithm. The hypervolume indicator was computed for the Pareto front
obtained at the end of each generation using the Walking Fish Group
(WFG) algorithm (While et al., 2012, 2016), and the resulting values for
each strategy were normalized to range between 0 and 1.

2.7. Model evaluation

In order to perform the statistical analysis for model evaluation, the
Pareto-optimal points are clustered into three groups representing high,
medium, and low flow conditions. Hence, the k-mean clustering method
is employed for the two calibration strategies in order to identify se-
parate sets of solutions that show better performances for each flow
condition. The three clusters are identified for each calibration method,

Fig. 3. Objective spaces for the SWAT model calibration: a) using different forms of Nash-Sutcliffe efficiency; b) after hydrograph partitioning using Q25 and Q75
thresholds for calculation of RMSE.
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using the corresponding objective functions presented in Section 2.5.
Thus, Pareto-optimal solutions with the highest NSE and NSErel values
are going to be collected in the high and low flow clusters, respectively.
Solutions with balanced NSE and NSErel values will comprise the
medium flow cluster. Then, the simulated streamflow time series from
each group are compared with the observed dataset, to evaluate whe-
ther the estimated mean differences between the simulations and ob-
servations are significant. To this end, the difference of each simulation
with respect to the observed dataset is used as response to fit a simple
regression with intercept using GLS estimation with Autoregressive
model with lag 1, or AR (1), to account for the serial correlation for the
time series. The differences are considered significant when the re-
ported p-value is less than 0.05 (i.e. 95% confidence interval for the
estimated mean of the distribution does not span zero), with positive
(or negative) values for the difference indicating over/under-estimation
of the actual observation. The process was repeated comparing high,
medium, and low streamflow categories using the Q25 and Q75
thresholds defined for the RMSE-based calibration strategy. However,
because the extracted time series for each flow category are irregularly
spaced temporally, we modeled the difference from the corresponding
samples between the observed series and each simulated series. Three
different methods were used: Normal distribution, Student’s t-dis-
tribution, and GLS with a Continuous Autoregressive model with lag 1,
or CAR (1). Then, we determined the most appropriated test based on
the smallest Akaike Information Criterion (AIC) value.

Finally, the hydrologic indices obtained for each Pareto-optimal
solution were also grouped following the same three clusters de-
termined above (high, medium, and low flow conditions). For each
cluster and hydrologic index, the difference between the simulated and
observed values were computed and divided by the respective observed
values to obtain the relative error. Then, it was determined whether the
median relative errors for each group were within or outside the± 30%
uncertainty bound. The procedure comprises of calculating all indices
for each solution in the Pareto-optimal and then taking the median of
these values. The comparison described above was also performed with
no clustering of the Pareto-optimal solutions, in order to evaluate the
effect of accounting for all solutions in the median values of the pre-
dicted hydrologic indices.

3. Results and discussion

3.1. Convergence and spread of optimal Pareto fronts obtained with multi-
objective calibration strategies

The behavior of the normalized hypervolume indicator with respect
to the number of generations is presented in Fig. 4. Results show a faster
convergence for the NSE-based strategy compared to the RMSE-based
strategy since the value for the normalized hypervolume indicator de-
creases faster with a decreasing generation number for the NSE-based
strategy. In addition, Fig. 5 shows the final Pareto fronts obtained after
349 and 484 generations (i.e. where the steady behavior of the hy-
pervolume indicator starts to be observed) using the NSE- and RMSE-
based calibration strategies, respectively.

The solutions along the NSE-based optimal Pareto front range from
0.22 to 0.76 for NSE, from 0.37 to 0.73 for NSEsqrt, and from 0.57 to
0.81 for NSErel. The optimal Pareto front is characterized by two dis-
tinct regions with significant tradeoffs. One of those regions, the low
flow cluster, shows NSErel above 0.77 (Fig. 5a) with lower values for
NSE and NSEsqrt spanning from 0.22 to 0.35, and from 0.37 to 0.45,
respectively. The other region, the high and medium flow clusters,
shows acceptable NSE and NSEsqrt values (i.e. from 0.73 to 0.76 and
from 0.58 to 0.71, respectively) while NSErel ranges from 0.57 to 0.71.
These results indicate that solutions with a very good representation of
low discharges provide a poor representation of peak and medium flows
(Guo et al., 2014; Shafii and De Smedt, 2009). However, the results also
suggest that low discharges still exhibit acceptable efficiencies for the

best representations of high and medium flows. Additionally, a strong
linear correlation (R2= 0.91) between the NSE and NSEsqrt objective
functions is observed, though it is weaker (R2= 0.002) for smaller
values for the NSErel objective function (i.e. low flow cluster). Hence, it
is likely that NSE and NSEsqrt are providing similar information for
model calibration and therefore similar results can be achieved dis-
carding one of these two objective functions. With respect to the RMSE-
based optimal Pareto front, the performance measures range from 8.3
to 20.4m3/s for RMSEH, from 2.1 to 4.9m3/s for RMSEM, and from 0.81
to 3.6m3/s for RMSEL (Fig. 5b). These values indicate that, in general,
the RMSE-based values range from 30% to 130% of the observed
average discharges for each flow category (high, medium, and low)
defined using the observed Q25 and Q75 thresholds. Moreover, the
RMSE-based optimal Pareto clusters are layered along the RMSEH di-
rection. This behavior suggests that the high flow cluster can represent
some medium and low discharges that are well represented by medium
and low flow clusters.

3.2. Reduction of initial parameter ranges by multi-objective calibration
strategies

The Pareto-optimal calibrated SWAT parameter ranges varied ac-
cording to the multi-objective calibration strategy (see Table 1). In
general, results suggest that the NSE-based calibration strategy was able
to provide narrower calibrated ranges for model parameters than the
RMSE-based strategy. Moreover, for some parameters, the im-
plementation of the k-means method to the optimal Pareto fronts al-
lowed the identification of different ranges depending on the role of the
objective functions in each cluster (e.g. importance of NSE and RMSEH
for high flow, and importance of NSErel and RMSEL for low flow). In
order to compare the results for calibration parameters, we considered
whether or not they showed a significant reduction in their ranges after
the calibration process (i.e. narrower calibration range with respect to
initial calibration range), and whether or not they showed similar final
ranges in each multi-objective calibration strategy. Regarding the sig-
nificant reduction in calibration ranges, we found that a group of
parameters describing mainly HRU and groundwater components
showed very similar initial and final ranges for both calibration stra-
tegies. These parameters were BIOMIX (biological mixing), CANMX
(max. canopy storage), EPCO (plant uptake), GW_REVAP (groundwater
“revap” coefficient) and REVAPMN (groundwater threshold depth for
“revap”). In contrast, the groundwater parameter GWQMN (threshold
depth for flow return) reduced in range for both multi-objective stra-
tegies. However, the ranges varied depending on the calibration
strategy. Likewise, some parameters mainly related to groundwater and

Fig. 4. Normalized hypervolume indicator behavior over the NSGA-III search
process for each calibration strategy.
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routing components (such as ESCO (soil evaporation), GW_DELAY
(groundwater delay time), ALPHA_BF (baseflow factor), RCHRG_DP
(percolation factor), CH_N (2) (Manning coefficient), and CH_K (2)
(alluvium hydraulic conductivity)) had a smaller range after calibration
regardless of calibration strategy. It is worth noting that GW_DELAY,
ALPHA_BF and CH_N (2) were within different ranges depending on
contrasting flow conditions (i.e. high and low flow clusters). For ex-
ample, GW_DELAY resulted in a range of 0–0.1 days for high flow
conditions, and a range of 237–309 days for low flow conditions using

the NSE-based strategy. Meanwhile, CN2 (curve number for moisture
condition II) and SOL_AWC (soil water capacity) showed contrasting
ranges in high and low flows for the NSE-based strategy. For instance,
low flow conditions favored positive multiplicative factors for CN2,
increasing runoff potential, while providing negative multiplicative
factors for SOL_AWC, reducing the available water capacity of soils. For
high flow conditions, CN2 and SOL_AWC results were the opposite.
However, the RMSE-based strategy did not provide reduced calibrated
ranges for these two parameters. Finally, SURLAG (surface runoff lag)

Fig. 5. Clustered Pareto-optimal solutions obtained by employing the NSGA-III algorithm and k-means clustering method for a) NSE-based and b) RMSE-based multi-
objective calibration strategies. For each strategy (NSE- or RMSE-based), 100 Pareto-optimal solutions were clustered as follows: NSE-based: 32 high flow, 55
medium flow, and 13 low flow; RMSE-based: 36 high flow, 27 medium flow, and 37 low flow.
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showed very similar reduced ranges for all flow conditions in the NSE-
based strategy, while providing a reduced range only for high flow
condition in the RMSE-based strategy.

3.3. Flow duration curves and streamflow time series representation

Fig. 6 presents FDC and hydrographs for the simulation period.
Visual inspection of the simulated and observed curves reveals that the
NSE-based strategy provides less variability than the RMSE-based
strategy, represented by the width of light gray bound of solutions. For
instance, Q25 and Q75 for the NSE-based strategy ranged from 7.4 to
11.8 m3/s and from 2.6 to 4.3m3/s, respectively (Fig. 6a–c).

Meanwhile, Q25 and Q75 for the RMSE-based strategy ranged from 4.6
to 12.2 m3/s and from 2.6 to 5.9 m3/s, respectively (Fig. 6d–f). This
observation suggests that the higher variability for streamflow simu-
lations given by the RMSE-based calibration strategy is consistent with
the wide CN2 ((−0.25)–0.23 for high flow and (−0.24)–0.25 for low
flow) and SOL_AWC ((−0.19)–0.23 for high flow and (−0.22)–0.23 for
low flow) calibrated ranges as presented in Table 1. This was supported
by previous studies in which, these parameters were identified as highly
sensitive for streamflow calibration (van Griensven et al., 2006). In
contrast, in the case of the NSE-based strategy, CN2 and SOL_AWC,
which were treated as global multipliers (see Table 1), resulted in
narrow calibrated ranges ((−0.25)–(−0.22) for high flow and

Fig. 6. Flow duration curves and time series obtained from Pareto-optimal solutions (light gray) and clustered (high, medium, and low flow) solutions (dark gray) for
NSE-based (a, b, and c), and RMSE-based (d, e, and f) multi-objective calibration strategies. Red lines correspond to observed streamflow values. (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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0.246–0.249 for low flow and 0.02–0.25 for high flow and
(−0.25)–(−0.13) for low flow, respectively). Note that some extreme
discharges, especially low flow events, lie outside all the simulation
bounds provided by optimal Pareto solutions considered here. Also,
some descending limbs and subsequent low flow pulses are poorly si-
mulated in both calibration and validation periods. Therefore, limita-
tions in the representation of extreme low and high flow related indices
are expected. However, different sources of error may play a role here
including input data uncertainties and structural inadequacies (Price
et al., 2012). In both calibration strategies, high flow cluster bounds
include most of the observed FDC, while shrinking the dispersion of
simulated FDCs. It is worth noting that the group of simulated FDCs
obtained from the NSE-based calibration strategy splits into two bran-
ches at the portion representing discharges exceeded 25% of the time
(see the left section of the FDC subplots in Fig. 6a–c). For the afore-
mentioned calibration strategy, only the low flow cluster does not have
any simulated FDC representing the corresponding branch for high
discharges (Fig. 6c). Additionally, medium flow cluster shows the lar-
gest variability in the NSE-based calibration strategy (Fig. 6b), while
lower flow cluster does in the RMSE-based strategy (Fig. 6f).

3.4. Statistical analysis for predicted streamflow time-series

We performed the statistical analysis of the mean difference be-
tween observed and simulated streamflow time series for the simulation
period comprised from 2003 to 2014. Most of the results showed that
GLS with CAR (1) correlation outperforms other methods in estimating
the mean streamflow difference, since other methods do not take into
account the serial correlation in time series, as indicated by smaller
AICs. In a few rare cases, the t-student model is better than GLS-CAR
(1), meaning it is even more important to model the heavy-tail dis-
tribution rather than the serial correlation. The percentage of Pareto-
optimal solutions in each cluster without enough evidence of significant
difference with a confidence level of 95% (Table 2), only account for
the results obtained with GLS with AR (1) or CAR (1) correlations.
Results for the statistical analysis indicated that, in general, the NSE-
based strategy provides many more Pareto-optimal solutions without
significant differences, compared to the RMSE-based strategy. Table 2
also shows that most solutions that belong to the high flow cluster of
the Pareto front yield good mean representations of overall, high, and
medium streamflow time series values in both multi-objective calibra-
tion strategies. However, the percentages for the high flow category do
not surpass 47%, because of the recurrent under-estimation of the mean
of time series comprising high discharges. Surprisingly, the medium
flow cluster resulted in more solutions with good mean representation
of discharges below Q25 threshold (i.e. low flow values) in both cali-
bration strategies. Therefore, it is possible to infer that solutions with
simultaneous good performances based on both NSE and NSErel (Pareto
front region conformed by high and medium flow clusters, see Fig. 5)
lead to sound representation of overall streamflow time series and
specific flow conditions, which is consistent with the graphical results
obtained for FDCs and hydrographs presented in Fig. 6.

3.5. The level of predictability of ecologically-relevant hydrologic indices
using multi and single-objective strategies

3.5.1. Multi-objective calibration strategies
For the period from 2003 to 2014, we computed the relative errors

between 171 ecologically-relevant hydrologic indices obtained from the
Pareto-optimal solutions and those obtained from the observed hydro-
graph. Results were organized according to the eleven hydrologic index
groups described in Section 2.4. As described in Section 2.7, for each
group and multi-objective calibration strategy, the analysis was con-
ducted using the following subsets of Pareto-optimal solutions: com-
plete Pareto front (i.e. all points) and high, medium, and low flow
clusters obtained with the k-means method. Indices whose median

relative errors were outside the± 30% bound for all different subsets of
Pareto-optimal solutions, are reported in Table 3 and described in Table
S1. Hence, we considered that these indices were not well represented
by the calibration strategies and the model structure employed in this
study. The results indicated that the NSE-based calibration strategy was
able to provide acceptable representation of 128 indices, while the
RMSE-based calibration strategy did the same for 123 indices. Mostly,
the RMSE-based strategy provided more dispersion for indices values
than the NSE-based strategy (see Table 4).

In general, the calibrated model has high probability to mis-
represent the ecologically-relevant hydrologic indices under extreme
conditions (low and high flows), annual hydrograph recession period
(June to October), and the flood pulses that happen during the low flow
period (Fig. 6). As apparent in the figure, the overlap between the
predicted versus the observed data are minimal during the low flow
conditions (August–October) and high flow conditions (May–July). This
fact is further supported by the high relative errors obtained for the
average maximum monthly flows for June, July and October (i.e. MH6,
MH7 and MH10) and for indices related to perennial streams (Olden
and Poff, 2003) such as ML14, ML16, ML21, MH10, FL1, DL11, DL16,
DH15, RA6 and RA7 (Table 3). This implies that the calibrated model is
not able to accurately estimate key indices for perennial streams. Ad-
ditionally, it is important to note that extreme high flows (May–July)
are also being under-predicted, as indicated by the statistical analysis
performed in Section 3.4. As a result, the level of error for estimating
extreme high flow indices is large. This phenomenon has been observed
in previous studies while being a subject of current research in hydro-
logical science (Garcia et al., 2017; Murphy et al., 2013; Pfannerstill
et al., 2014; Shrestha et al., 2014).

Regarding the magnitude of flow events, both multi-objective cali-
bration strategies provided acceptable results for 76 out of 94 indices
(81%). These strategies were not able to fully represent the variability
of flows across months and years, and the magnitude (mean and
median) of annual extreme flows. For instance, under medium flow
conditions, results in Table 3 indicate a poor representation of the
variability of some summer and fall monthly flows (i.e. MA29-MA33,
which are expressed in terms of the coefficient of variation) and the
skewness in annual flows (i.e. MA45, represented in terms of the dif-
ference between the mean and median annual flows,). Additionally, the
NSE-based calibration strategy generated high relative errors for the
variability across annual flows, expressed in terms of the range or
90th–10th percentiles (i.e. MA42 and MA44, which include extreme
flow values). For low flow conditions, the mean and median of annual
minimum flows were not well replicated (i.e. ML14 and ML16,

Table 2
Percentage of Pareto-optimal solutions without evidence of significant mean
difference (α =0.05) between simulated and observed time-series, considering
different time series categories and clusters for both calibration strategies.
Cluster with highest percentage for each flow category are in bold.

Category Cluster Percentage

NSE-based RMSE-based

Complete time series High flow 88% 50%
Low flow 0% 0%
Medium flow 27% 0%

High flow extracted time series High flow 47% 28%
Low flow 0% 0%
Medium flow 13% 0%

Medium flow extracted time series High flow 94% 56%
Low flow 0% 5%
Medium flow 22% 11%

Low flow extracted time series High flow 0% 17%
Low flow 62% 11%
Medium flow 75% 26%
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respectively), also affecting the results for some indices depending on
these values (e.g. low flow index, ML15; baseflow index, ML19; and
variability across annual minimum flows, ML21). For high flow con-
ditions, both calibration strategies had limitations in representing high
flow volumes (e.g. MH21) and the mean maximum monthly flows for
some summer and fall months (e.g. MH6, June; MH7, July; MH10,
October).

Regarding the frequency of flow events, both multi-objective cali-
bration strategies generated acceptable median values for 10 out of 13
indices (77%). The indices that were not well represented include the
low flow pulse count (i.e. FL1) and some flood frequency indices that
use the median and 75th percentile of flows as upper thresholds (i.e.
FH5 and FH9). Moreover, the NSE-based strategy yielded poor re-
presentations of a high flood pulse count index based on a very high
upper threshold (i.e. FH4, which uses 7 times median flow), while, the
RMSE-based strategy produced limited results for high flood pulse
count (i.e. FH1) and flood frequency using percentile 25th as threshold
(i.e. FH8).

For the duration of flow events, both calibration strategies resulted
in acceptable values for 32 out of 41 indices (78%). The results for this
group of hydrologic indices were consistent with the poor representa-
tion of some indices describing the magnitude and frequency of flow
events. For instance, duration indices related to magnitude and varia-
bility of daily and annual minima (i.e. DL1 and DL11, and DL6-DL8,
respectively) yielded elevated relative errors for both strategies.
Similarly, high flow indices with the median and 75th percentile of

flows used as thresholds (i.e. DH17 and DH15, respectively), produced
high relative errors too. Likewise, the NSE-based strategy presented
difficulties representing high flow duration using seven times the
median as an upper threshold (i.e. DH19). Moreover, the RMSE-based
strategy yielded large deviations for the annual minima of 3-day means
of daily discharge (i.e. DL2), the mean annual 3-day minimum of daily
discharge (i.e. DL12), and indices related to flood duration (i.e. DH20,
DH23) because of poor results in the identification of the number of
extreme high flow events.

With respect to the timing of flow events, all the four indices were
well reproduced using both multi-objective calibration strategies.
However, the NSE-based strategy was not able to produce median re-
lative errors within±30% for the seasonal predictability of non-low
flow (i.e. TL4). Finally, regarding the rate of change in flow events, both
multi-objective calibration strategies reproduced 6 out of 9 indices
(67%) with median relative errors outside± 30% for the fall rate (i.e.
RA3) and change of flow for increasing and decreasing discharges (i.e.
RA6 and RA7, respectively).

In comparison to previous studies where hydrological modeling was
employed to predict ecological-relevant hydrologic indices (Caldwell
et al., 2015; Kiesel et al., 2017; Murphy et al., 2013; Shrestha et al.,
2014; Vis et al., 2015), the use of the median of different optimal-Pareto
subsets improved the representation of some indicators (e.g. Julian day
of annual minimum, TL1; high flood pulse count, FH1; rise rate, RA1;
reversals, RA8). However, indices related to the frequency and duration
of high and low flow pulses (e.g. FL1, DL16, and DH15, see below) were

Table 3
List of ecologically-relevant hydrologic indices with all, high, medium, and low flow Pareto-optimal solutions having median relative errors outside the±30%
bound, for each multi-objective calibration strategy.

Hydrologic index group No. of indicators Median values outside± 30% relative error**

Both NSE- and RMSE-based Only NSE-based Only RMSE-based

Magnitude of flow events
Average flow conditions 45 MA29, MA30, MA31, MA32, MA33, MA45 MA42, MA44 MA34
Low flow conditions 22 ML7, ML8, ML14, ML15, ML16, ML19, ML21, ML22 ML9, ML17
High flow conditions 27 MH6, MH7, MH10, MH21 MH22 MH11, MH23

Frequency of flow events
Low flow conditions 3 FL1
High flow conditions 11 FH5, FH9 FH4 FH1, FH8

Duration of flow events
Low flow conditions 20 DL1, DL6, DL7, DL8, DL11, DL16 DL2, DL12
High flow conditions 24 DH15, DH17, DH21 DH19 DH20, DH23

Timing of flow events
Average flow conditions 3
Low flow conditions 4 TL4
High flow conditions 3

Rate of change in flow events
Average flow conditions 9 RA3, RA6, RA7

** DH15, High flow pulse duration with a threshold equal to the 75th percentile of the entire flow record (days); DH17, High flow duration with a threshold equal
to the median flow (days); DH19, High flow duration with a threshold equal to 7 times the median flow (days); DH20, High flow duration with a threshold equal to
the 75th percentile value for the median annual flows (days); DH21, High flow duration with a threshold equal to the 25th percentile value for the median annual
flows (days); DH23, Flood duration with a threshold equal to the flow equivalent for a flood recurrence of 1.67 years (days); DL1, Annual minimum daily flow
(m3 s−1); DL2, Annual minimum of 3-day moving average flow (m3 s−1); DL6, Variability of annual minimum daily average flow; DL7, Variability of annual
minimum of 3-day moving average flow; DL8, Variability of annual minimum of 7-day moving average flow; DL11, Mean of 1-day minima of daily discharge; DL12,
Mean of 3-day minima of daily discharge; DL16, Low flow pulse duration (days); FH1, High flood pulse count with a threshold equal to the 25th percentile of the
entire flow record (year−1); FH4, High flood pulse count with a threshold equal to 7 times median daily flow (year−1); FH5, Flood frequency with a threshold equal
to the median flow (year−1); FH8, Flood frequency with a threshold equal to the 25th percentile of the entire flow record (year−1); FH9, Flood frequency with a
threshold equal to the 75th percentile of the entire flow record (year−1); FL1, Low flood pulse count (year−1); MA29, Variability in June flows; MA30, Variability in
July flows; MA31, Variability in August flows; MA32, Variability in September flows; MA33, Variability in October flows; MA34, Variability in November flows;
MA42, Variability across annual flows; MA44, Variability across annual flows; MA45, Skewness in annual flows; MH6, Mean maximum June monthly flow (m3 s−1);
MH7, Mean maximum July monthly flow (m3 s−1); MH10, Mean maximum October monthly flow (m3 s−1); MH11, Mean maximum November monthly flow
(m3 s−1); MH21, High flow volume (days); MH22, High flow volume (days); MH23, High flow volume (days); ML7, Mean minimum July monthly flow (m3 s−1);
ML8, Mean minimum August monthly flow (m3 s−1); ML9, Mean minimum September monthly flow (m3 s−1); ML14, Mean of annual minimum flows; ML15, Low
flow index; ML16, Median of annual minimum flows; ML17, Baseflow index based on the seven-day minimum flow; ML19, Baseflow index based on the lowest annual
daily flow; ML21, Variability across annual minimum flows; ML22, Specific mean annual minimum flows (m3 s−1 km−2); RA3, Fall rate (m3 s−1 d−1); RA6, Change
of flow- increasing (m3 s−1); RA7, Change of flow – decreasing (m3 s−1); TL4, Seasonal predictability of non-low flow.
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poorly simulated. For instance, Table 4 presents the lowest relative
error obtained for a suite of 32 indices included in the software In-
dicators of Hydrologic Alteration (IHA) (The Nature Conservancy,
2009) that were evaluated by Shrestha et al. (2014). For this group of
indices, while calibrated solutions can properly reproduce the

magnitude, duration and timing of different flow conditions (with dif-
ficulties for DL1, the annual minima of daily flows), the frequency and
duration of low flood pulses (i.e. FL1 and DL16, respectively), the
duration of high flow pulses (i.e. DH15), and the fall rate (i.e. RA3) still
showed high deviances. It is important to note that most of the indices

Table 4
The lowest median relative error and corresponding interquartile range (IQR) and flow cluster for each multi-
objective calibration strategy for the Indicators of Hydrologic Alteration (IHA). Values that exceed±30%
bound of relative error are highlighted.

IHA group Hydrologic 
index**

NSE-based RMSE-based
Relative
error IQR Cluster Relative

error IQR Cluster

Magnitude of 
monthly water 
conditions

MA12 -3.4% 10.5% High -6.9% 11.4% High
MA13 0.2% 6.1% Low -7.9% 9.8% High
MA14 12.9% 7.3% High 9.3% 10.4% High
MA15 -7.8% 2.5% High -5.9% 6.2% High
MA16 1.2% 3.9% High -3.0% 8.5% High
MA17 -0.5% 7.4% High -4.5% 14.9% High
MA18 -1.0% 24.2% All -1.8% 32.6% All
MA19 7.5% 10.2% Medium -1.0% 30.6% Medium
MA20 1.8% 7.8% High 0.7% 22.9% High
MA21 -21.9% 6.5% High -23.7% 38.6% Low
MA22 -17.9% 13.7% High -25.0% 20.7% High
MA23 -7.1% 8.1% High -13.9% 13.7% High

Magnitude and 
duration of 
annual extreme 
water conditions 
(mean daily 
flow)

DL1 36.8% 10.5% Medium 71.8% 48.2% High
DL2 10.3% 8.5% Medium 38.5% 38.7% High
DL3 2.1% 16.8% All 19.8% 33.4% High
DL4 -8.7% 6.8% High 2.2% 30.6% All
DL5 -17.6% 6.1% High -14.8% 39.2% Low
DH1 -17.1% 3.7% High -14.6% 11.9% High
DH2 -8.9% 3.9% Medium -6.5% 10.3% High
DH3 -2.2% 3.8% High 0.5% 9.8% High
DH4 -0.3% 4.2% All 1.5% 10.1% High
DH5 -0.4% 5.1% All 0.2% 6.3% High
ML17 13.1% 4.1% Medium 32.4% 25.1% High

Timing of 
annual extreme 
water conditions

TL1 6.7% 4.0% Low 12.2% 12.8% Low

TH1 -0.4% 10.2% Medium 0.4% 32.8% All

Frequency and 
duration of high 
and low pulses

FL1 -65.5% 25.7% Low -75.7% 16.2% Low
DL16 213.5% 167.2% Low 144.9% 181.2% Low
FH1 -28.4% 3.4% High -44.9% 16.1% High
DH15 60.0% 34.4% Low 100.0% 53.4% High

Rate and 
frequency of 
water condition 
changes

RA1 18.9% 11.6% Medium -16.9% 27.3% Medium
RA3 -50.0% 2.8% High -53.0% 13.2% High
RA8 5.5% 7.3% Low 0.9% 25.2% Low

** DH1, Annual maxima of 1-day means of daily discharge (m3 s−1) DH2, Annual maxima of 3-day means of
daily discharge (m3 s−1); DH3, Annual maxima of 7-day means of daily discharge (m3 s−1); DH4, Annual
maxima of 30-day means of daily discharge (m3 s−1); DH5, Annual maxima of 90-day means of daily discharge
(m3 s−1); DH15, High flow pulse duration with a threshold equal to the 75th percentile of the entire flow
record (days); DL1, Annual minimum daily flow (m3 s−1); DL2, Annual minimum of 3-day moving average
flow (m3 s−1); DL3, Annual minima of 7-day means of daily discharge (m3 s−1); DL4, Annual minima of 30-day
means of daily discharge (m3 s−1); DL5, Annual minima of 90-day means of daily discharge (m3 s−1); DL16,
Low flow pulse duration (days); FH1, High flood pulse count with a threshold equal to the 25th percentile of
the entire flow record (year−1); FL1, Low flood pulse count (year−1); MA12, Mean monthly flow for January
(m3 s−1); MA13, Mean monthly flow for February (m3 s−1); MA14, Mean monthly flow for March (m3 s−1);
MA15, Mean monthly flow for April (m3 s−1); MA16, Mean monthly flow for May (m3 s−1); MA17, Mean
monthly flow for June (m3 s−1); MA18, Mean monthly flow for July (m3 s−1); MA19, Mean monthly flow for
August (m3 s−1); MA20, Mean monthly flow for September (m3 s−1); MA21, Mean monthly flow for October
(m3 s−1); MA22, Mean monthly flow for November (m3 s−1); MA23, Mean monthly flow for December
(m3 s−1); ML17, Baseflow index based on the seven-day minimum flow; RA1, Rise rate (m3 s−1 d−1); RA3, Fall
rate (m3 s−1 d−1); RA8, Reversals (year−1); TH1, Julian date of annual maximum; TL1, Julian date of annual
minimum.

J.S. Hernandez-Suarez et al. Journal of Hydrology 564 (2018) 758–772

769



in Table 4 were well represented by high flow clusters, which are
dominated by good performances for NSE or RMSEH. However, the
misrepresented low flow indices FL1 and DL16 obtained the lowest
relative errors using optimal-Pareto solutions from low flow clusters.
These clusters have a better description of low flow discharges, parti-
cularly in the seasonal transition from summer to fall.

3.5.2. Single-objective calibration
We obtained the individual model simulations that minimized each

NSE-based objective function from the optimized Pareto front obtained
after the NSGA-III algorithm implementation, with their corresponding
results for the ecologically-relevant hydrologic indices. Maximum at-
tained values for NSE, NSEsqrt and NSErel were 0.76, 0.73 and 0.81,
respectively. Some of the indices reported in Table 3 were represented
within the satisfactory threshold of± 30% using some of the single-
objective calibrated models. As expected, the optimal NSE model pro-
vided acceptable results for high flow related indices: mean maximum
monthly flows for June and July (MH6 and MH7, respectively), high
flow volume using as threshold three times the median annual flow
(MH22), high flow duration with seven times the median flow as the
upper threshold (DH19) and the seasonal predictability of non-low
flows (TL4). Similarly, NSEsqrt produced acceptable outcomes for high
flood pulse count with seven times the median daily flow as the upper
threshold (FH4), in addition to MH22 (high flow volume), DH19 (high
flow duration) and TL4 (seasonal predictability), also given by the
optimal NSE model. Additionally, the optimal NSEsqrt model provided
acceptable results for the mean maximum October flow (MH10) which
is a key index for perennial streams (related to low flows during the fall
season). Meanwhile, the optimal NSErel model, which is insensitive to
peak flows and biased towards low flows, surprisingly improved the
representation of the high flow pulse duration (DH15), a key indicator
for perennial streams. This occurs because NSErel significantly reduces
the influence of absolute differences during high flow events (Krause
et al., 2005). Therefore, the NSErel objective function has the property
of benefiting simulations that better describe the overall shape of the
hydrograph, which can be graphically evinced in Fig. 6c for the NSE-
based low flow cluster simulations.

Indices presented in Table 4 that were poorly represented by the
single-objective calibration approach using the standard NSE include
MA19 (mean monthly flow for August), DL2 (annual minimum of 3-day
average flow), TL1 (Julian date of annual minimum) and RA8 (re-
versals). Likewise, optimal NSEsqrt model provided poor representation
for MA19 (August mean flow), DL2 (3-day annual minimum), RA1 (rise
rate) and R8 (reversals). In addition, indices poorly represented by the
NSErel optimal model include MA14-MA17 and MA21-MA22 (mean
monthly flows for March-June and October-November, respectively),
ML17 (seven-day minimum flow divided by mean annual daily flows
averaged across all years), DL5 (seasonal magnitude of minimum an-
nual flow), and DH2-DH5 (magnitude of maximum annual flow from 3-
day duration to seasonal), which are mainly related with high flow
events. All the aforementioned indices were well-represented by the
NSE-based multi-objective calibration strategy (see Table 4).

3.5.3. Comparison of single and multi-objective calibration approaches
In general, the two multi-objective performed better than the three

single-objective approaches in calculating the hydrologic indices,
within a satisfactory range of± 30% relative error. Regarding the
single-objective approaches, the optimal NSE and NSEsqrt models were
able to satisfactorily represent 71% of the indices, while the optimal
NSErel model was able to satisfactorily represent 47%. Meanwhile, the
multi-objectives (NSE- and RMSE-based) approaches were able to re-
present 77% and 74% of the indices, respectively. Results revealed that
no calibration approach can be considered the best for all indices, while
they can be complementary to each other. However, the main ad-
vantage of multi-objective calibration over the single-objective ap-
proaches is that they provide a range of solutions for the streamflow

and hydrologic indices. This range is derived from the Pareto-optimal
front, which can be used for uncertainty quantification purposes
(Efstratiadis and Koutsoyiannis, 2010).

4. Conclusions

This study evaluated the predictability of 167 ecologically-relevant
hydrologic indices using different approaches for model calibration. For
this purpose, we compared the performance of two multi-objective and
three single-objective formulations employing the NSGA-III algorithm
and the SWAT model structure.

Among the multi-objective formulations, the NSE-based strategy
was found to be the preferred multi-objective model calibration ap-
proach since: 1) it provided the fastest convergence, the highest number
of well-predicted indices, and the smallest dispersion in the indices’
values over the different subsets of Pareto-optimal simulations; 2) the
high and medium flow clusters of the Pareto front region contained the
highest percentages of solutions with no evidence of significant mean
difference between simulated and observed time series; 3) the same
Pareto front region contained the highest percentages of solutions with
the lowest median relative error and dispersion measure for hydro-
logical indices; and 4) the calibration ranges were narrower than the
RMSE-based strategy.

Among the single-objective approaches, NSE and NSEsqrt presented
similar results while both outperformed the multi-objective calibration
approaches for estimating high flow indices. Meanwhile in this study,
the representation of regime components such as the frequency and
duration of low flows and the overall timing and rate of change were in
general better using the multi-objective calibration approaches.
However, it is recommended to use the NSE-based single and multi-
objective calibration approaches together since they provide more re-
liable information for a larger number of indices. In addition, we sug-
gest omitting either the standard NSE- or NSEsqrt-based objective
function because they provide similar information.

In this study, we proposed the use of the NSErel performance mea-
sure in a multi-objective framework in order to improve the re-
presentation of low and extreme low flow events while maintaining a
good overall representation of other flow conditions. However, we
showed that an NSErel objective function improves low flows while
highly sacrificing the representation of other flow conditions, as op-
posed to the standard NSE for high flows which improves high flows
while maintaining acceptable representation of other flow conditions.
Therefore, during the calibration process we observed that NSErel af-
fects the overall central tendency values (e.g. median and mean flows)
for different temporal scales (e.g. monthly, annual), which negatively
impacts the representation of low flow indicators (e.g. baseflow index).

We also demonstrated that the use of different sets of solutions,
instead of a single optimal solution, introduces more flexibility in the
predictability of different hydrologic indices of ecological interest.
Moreover, we were able to identify a reduced group of poorly re-
presented indices, particularly in the transition from summer to fall
seasons. Since this study was performed in a watershed with a single
streamflow gauging station, it is recommended that future studies
should focus on replicating this work in other regions with more
streamflow gauging stations and different climatological and physio-
graphical characteristics in which flow patterns are widely different.
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