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As the global demands for the use of freshwater resources continues to rise, it has become increasingly
important to insure the sustainability of this resources. This is accomplished through the use of manage-
ment strategies that often utilize monitoring and the use of hydrological models. However, monitoring at
large scales is not feasible and therefore model applications are becoming challenging, especially when
spatially distributed datasets, such as evapotranspiration, are needed to understand the model perfor-
mances. Due to these limitations, most of the hydrological models are only calibrated for data obtained
from site/point observations, such as streamflow. Therefore, the main focus of this paper is to examine
whether the incorporation of remotely sensed and spatially distributed datasets can improve the overall
performance of the model. In this study, actual evapotranspiration (ETa) data was obtained from the two
different sets of satellite based remote sensing data. One dataset estimates ETa based on the Simplified
Surface Energy Balance (SSEBop) model while the other one estimates ETa based on the Atmosphere-
Land Exchange Inverse (ALEXI) model. The hydrological model used in this study is the Soil and Water
Assessment Tool (SWAT), which was calibrated against spatially distributed ETa and single point stream-
flow records for the Honeyoey Creek-Pine Creek Watershed, located in Michigan, USA. Two different tech-
niques, multi-variable and genetic algorithm, were used to calibrate the SWAT model. Using the
aforementioned datasets, the performance of the hydrological model in estimating ETa was improved
using both calibration techniques by achieving Nash-Sutcliffe efficiency (NSE) values >0.5 (0.73–0.85),
percent bias (PBIAS) values within ±25% (±21.73%), and root mean squared error – observations standard
deviation ratio (RSR) values <0.7 (0.39–0.52). However, the genetic algorithm technique was more effec-
tive with the ETa calibration while significantly reducing the model performance for estimating the
streamflow (NSE: 0.32–0.52, PBIAS: ±32.73%, and RSR: 0.63–0.82). Meanwhile, using the multi-variable
technique, the model performance for estimating the streamflow was maintained with a high level of
accuracy (NSE: 0.59–0.61, PBIAS: ±13.70%, and RSR: 0.63–0.64) while the evapotranspiration estimations
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were improved. Results from this assessment shows that incorporation of remotely sensed and spatially
distributed data can improve the hydrological model performance if it is coupled with a right calibration
technique.

� 2017 Elsevier B.V. All rights reserved.
1. Introduction

As extreme climate conditions and anthropogenic activities
continue to impact environmental systems, mitigation and restora-
tion related projects have become common. Furthermore, environ-
mental systems, such as watersheds, are very complex with many
relationships and interlocking processes (Sivakumar and Singh,
2012; Guerrero et al., 2013). Therefore, it can be challenging to
determine which management solution(s) should be selected and
implemented (Herman et al., 2015; Sabbaghian et al., 2016). This
has led to the development of many different modeling techniques
that can simulate a variety of options and identify the best solution
(s), based on the criteria put forth mostly by stakeholders and pol-
icy makers (Chen et al., 2012; Beven and Smith, 2014; Giri et al.,
2016).

Meanwhile, the first step in a model implementation is param-
eter calibration. Parameter calibration in model applications is
used to adjust model performance to better simulate the natural
systems they are trying to describe (Guerrero et al., 2013; Zhan
et al., 2013; Rajib et al., 2016). While parameter calibration
improves the ability of models to more accurately represent natu-
ral systems, models’ performances are still limited by the quality
and quantity of input data and their availabilities (Nejadhashemi
et al., 2011). Today, most hydrological studies rely on data col-
lected at monitoring stations across the world. In fact, the United
States Geological Survey (USGS) has about 1.5 million monitoring
sites from which data can be obtained (USGS, 2016a). However,
even with the existence of all these monitoring sites, there are
times where higher spatial resolutions are needed by researchers,
stakeholders, and policy makers to more precisely evaluate the
hydrologic conditions and to determine the best place to imple-
ment mitigation and restoration projects (Wanders et al., 2014).
One way to address this issue is the use of remotely sensed data.
Remote sensing is defined as the science of identifying, observing,
and measuring an object without physical contact (Graham, 1999).
With the advancements in satellite technology, remotely sensed
satellite data has become a source of consistent monitoring for
the entire globe, with applications ranging from crop yields to
water resources assessments (Graham, 1999; Long et al., 2014).

In order to model water resources more accurately, it is impor-
tant to examining different components of the hydrologic cycle,
including water movement processes (e.g. evaporation and
streamflow) and water storage (e.g. soil moisture, water vapor,
groundwater, and surface water bodies). While hydrological mod-
els simulate all components of the hydrological cycle, streamflow
is often the only component that the model outputs are compared
against during the calibration process since it can be measured
more accurately than the other components (Immerzeel and
Droogers, 2008; Wanders et al., 2014; Rajib et al., 2016). This can
result in poor simulations of other hydrologic components, which
ultimately lowers the model performance (Wanders et al., 2014;
Rajib et al., 2016). Therefore, including additional hydrological
components in the parameter calibration process could allow the
model to better represent all process occurring in the environment
(Crow et al., 2003). In particular, evapotranspiration (ET) could be
considered an important hydrological component added to the cal-
ibration process since it describes the moisture lost to the atmo-
sphere from both biotic (e.g. plants) and abiotic (e.g. soils)
sources (Hanson, 1991; USGS, 2016b). Meanwhile, ET plays a major
role in the cycling of water from land and ocean surface sources
into the atmosphere, which in turn drives precipitation (Pan
et al., 2015). Furthermore, Immerzeel and Droogers (2008) found
that calibrating a hydrological model for ET significantly improved
ET simulations; and that ET simulation values were more sensitive
to groundwater and meteorological parameters compared to soil
and landuse parameters.

This indicates that including additional parameters in a model
calibration can improve the overall model performance. However,
the applicably of different calibration techniques has not been
explored when both remotely sensed ET and streamflow data are
involved. In addition, this study is unique in a sense that the per-
formance of a hydrologic model for estimating streamflow was
evaluated using different remotely sensed ET products. Therefore,
the objectives for this paper are to (1) determine the performance
of a calibrated hydrologic model in estimating ET against spatially
distributed time series ET products obtained from remote sensing;
(2) determine the impact of ET parameter calibration on stream-
flow estimation; and (3) evaluate the performances of two differ-
ent genetic algorithm-based calibration techniques for
streamflow and ET estimations.

2. Materials and methods

2.1. Study area

The study area is the Honeyoey Creek-Pine Creek Watershed
(Hydrologic Unit Code 0408020203), which is located within the
Saginaw Bay Watershed in Michigan’s Lower Peninsula (Fig. 1).
The US Environmental Protection Agency (EPA) identified the Sag-
inaw Bay Watershed as an area of concern due to the presence of
contaminated soils and degradation of fisheries within the region
(EPA, 2017). These conditions were caused by the addition of both
point and non-point source pollutants from a variety of sources
such as industrial waste and agricultural runoff (EPA, 2016). The
final outlet for this watershed is Lake Huron via the Saginaw River.
Out of the approximately 1100 km2 within the Honeyoey Water-
shed, agriculture is the dominant landuse (�52%) followed by for-
ests (�23%), wetlands (�17%) and pasturelands (�5%). The
remaining land is classified as urban (�3%). The Honeyoey Creek-
Pine Creek watershed has been significantly altered by anthro-
pogenic activities as evidenced by the landuse change (agricultural
lands and urban area are dominant in the region), which in turn
impacts the natural environment, especially water quality and
quantity.

2.2. Data collection

2.2.1. Physiographic data
Several spatial and temporal input datasets were needed to

describe the study area in a hydrological model. These datasets
describe characteristics such as topography, landuse, soil proper-
ties, climate, and crop management practices. Data from the USGS
were obtained to represent the topography of the region through
the use of their 30 m spatial resolution National Elevation Dataset



Fig. 1. The study area (Honeyoey Creek-Pine Creek watershed).
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(NED, 2014). Landuse information was acquired from the 30 m
spatial resolution Cropland Data Layer developed by the United
States Department of Agriculture-National Agricultural Statistics
Service (USDA-NASS) (NASS, 2012). The Natural Resources Conser-
vation Service (NRCS) Soil Survey Geographic (SSURGO) Database
was used to describe the soil properties for the region at a scale
of 1:250,000 (NRCS, 2014). National Climatic Data Center (NCDC)
weather stations (two precipitation stations and two temperature
stations) were used to obtain daily precipitation and temperature
data for the time span of 2003–2014. A widely used stochastic
weather generator called WXGEN was employed (Sharpley and
Williams, 1990; Wallis and Griffiths, 1995), which is embedded
in the Soil Water Assessment Tool (SWAT), to create climate time
series for other climatological records (e.g. relative humidity, solar
radiation, and wind speed) that are required for SWAT to operate
(Neitsch et al., 2011). Predefined crop management operations,
schedules, and rotations were adopted from previous studies per-
formed in the same region (Love and Nejadhashemi, 2011; Giri
et al., 2015). Due to limitation of SWAT in simulating up to 250 dif-
ferent landuse, the subwatershed map that was provided by the
National Hydrology Dataset plus (NHDPlus) and the Michigan
Institute for Fisheries Research at a scale of 1:24,000 were modified
to accommodate this limitation (Einheuser et al., 2013).

2.2.2. Remote sensing data
In order to evaluate the role of ET remote sensing data in

improving a hydrologic model predictability, two satellite based
ET datasets were obtained for the period of 2003–2014 for the
study area. One dataset was created based on the Simplified Sur-
face Energy Balance (SSEBop) model while the other one was based
on the Atmosphere-Land Exchange Inverse (ALEXI) model.

The USGS dataset reported monthly actual evapotranspiration
(ETa) using the SSEBop model (Senay et al., 2013). ETa is limited
by the amount of water present at a site since it refers to the actual
amount of water that is lost through both evaporation and transpi-
ration (NOAA, 2017). This model utilizes ET fractions derived from
1 km Moderate Resolution Imaging Spectroradiometer (MODIS)
thermal imagery collected every 8 days to develop a 1 km monthly
ETa dataset for the Conterminous U.S. (Senay et al., 2013; Velpuri
et al., 2013). Data were obtained from this dataset for each subwa-
tershed in the study area. In order to provide an overall ETa for
each subwatershed, all SSEBop’s ETa pixels within each subwater-
shed were averaged with respect to area to generate the overall
area weighted ETa average values for each month (USGS, 2016c).

The second ETa dataset is created based on the ALEXI model,
which was sponsored by the USDA and US National Aeronautics
and Space Administration (NASA). The ALEXI model utilizes remo-
tely sensed morning land surface temperatures to determine ETa
by relating the observed change in temperature to changes in sur-
face moisture and ETa (Anderson et al., 1997, 2007). For this study,
4 km thermal images were obtained from Geostationary Opera-
tional Environmental Satellites (GOES) and used as to develop a
daily 4 km ETa dataset for the Conterminous U.S. (Hain et al.,
2015). In order to make the second set of ETa data comparable to
the first set, the daily ETa values from the ALEXI model were aver-
aged to create monthly ETa values. Next, these values were aver-
aged for each subwatershed with respect to area.

Concerning the quality of ETa datasets for the region of study,
this cannot be performed since there is no observation points for
ETa in the Honeyoey Creek-Pine Creek Watershed. However, both
sets of ETa datasets have been validated in many regions. For both
SSEBop and ALEXI models, the average validation results were
reported in terms of a root mean squared error (RSME) about 1
mm/day (Singh and Senay, 2015; Yang et al., 2017). However,
based on the location of study and time of year, the RMSE values
can vary.



Table 1
Initial streamflow calibration parameters used in this study.

Parameter Minimum Maximum Default Calibrated

ALPHA_BF 0 1 0.048 0.55
BIOMIX 0 1 0.2 0.01
CANMX 0 100 0 1
CH_k2 �0.01 500 0 65
CH_N2 �0.01 0.3 0.014 0.025
CN2 �25% 25% NA �0.22%
EPCO 0 1 1 0.37
ESCO 0 1 0.95 0.97
GW_DELAY 0 500 31 9
GW_REVAP 0.02 0.2 0.02 0.055
GWQMN 0 5000 1000 1000
RCHRG_DP 0 1 0.05 0.35
REVAPMN 0 1000 750 900
SOL_AWC 0 1 NA 20%
SURLAG 1 24 4 1
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2.3. Hydrological model: SWAT

The ETa outputs of both the ALEXI and SSEBop models were
used for evaluation of SWAT models for the study region. SWAT
is a widely used, continuous-time, semi-distributed, hydrological
model that was developed by the USDA Agricultural Research Ser-
vice (USDA-ARS) and Texas A&M AgriLife Research (Texas A&M
University, 2017). By taking into account different spatiotemporal
layers of information (Section 2.2.1), such as topography, landuse,
and climate, SWAT models are able to simulate a variety of hydro-
logical process, such as runoff, sediment transport, and ET
(Gassman et al., 2007). This makes it a very useful tool for both
researchers and policy makers.

2.4. Calibration approaches

For this study, all of the collected physiographic data was incor-
porated into a SWAT model. However, there are many default
parameters in a SWAT model that represent an average or more
probable condition that may or may not be true for the region of
study (Arnold et al., 2012). Therefore, the SWAT model used in this
study underwent a series of calibration and validation processes.
To do this, all observed time series data were divided into calibra-
tion (2003–2008) and validation (2009–2014) periods. This process
is simply referred to as calibration in the rest of the paper.

Three different types of model calibration were used in this
study with the goal of understanding whether: 1) calibrating the
model for only streamflow can help with improvement of ETa pre-
dictability; 2) calibrating the model for both streamflow and ETa
improves model predictabilities concerning both streamflow and
ETa; 3) calibrating the model for only ETa can help with improve-
ment of streamflow predictability.

The first approach was a streamflow calibration in which indi-
vidual SWAT parameters that influence the streamflow calcula-
tions were tested to find their near-optimal value through the
comparison of simulated streamflows to observed streamflows.
Observed streamflow data was obtained from a USGS streamflow
station on the Pine River at the outlet of the study area (USGS,
2016d). The next two calibration approaches, multi-variable and
genetic algorithm, were used to improve the ETa estimation for
the study region. For these sets of calibrations, SWAT parameters
used in ETa calculations at the subwatershed level were altered
to replicate the values obtained from the ALEXI and SSEBop ETa
datasets. In order to examine the role of these remotely sensed
data on the performance of SWAT for estimating ETa, a multi-
variable calibration approach was selected to determine the
impact of adding ETa calibration on the SWAT model performance
for both ETa and streamflow estimation. Meanwhile, the genetic
algorithm approach was used since it is able to optimize the sys-
tem for a single variable. Detailed descriptions of these calibration
approaches are provided below.

2.4.1. SWAT parameters
As mentioned above, during the SWAT model calibration, the

SWAT parameter values were altered. The selection of these vari-
ables was done through the use of literature review and sensitivity
analysis (Woznicki and Nejadhashemi, 2012). With respect to
streamflow, 15 SWAT parameters were identified and altered during
the calibration process including: baseflow recession constant
(ALPHA_BF), biological mixing efficiency (BIOMIX), maximum
canopy storage (CANMX), effective hydraulic conductivity of channel
(CH_K2), Manning’s n value for the main channel (CH_N2), moisture
condition II curve number (CN2), plant uptake compensation factor
(EPCO), soil evaporation compensation coefficient (ESCO), delay time
for aquifer recharge (GW_DELAY), revap coefficient (GW_REAP),
threshold water level in shallow aquifer for base flow (GWQMN),
aquifer percolation coefficient (RCHRG_DP), threshold water level
in shallow aquifer for revap (REVAPMN), available water capacity
(SOL_AWC), and surface runoff lag coefficient (SURLAG). These
parameters were selected based on the information provided by
the SWAT developer (Arnold et al., 2012). Table 1 presents the min-
imum, maximum, default, and calibrated values for all of these
parameters for the Honeyoey watershed.

In regards to the ETa calibration, another set of 10 SWAT param-
eters was identified as being influential to the ETa calculations
(Neitsch et al., 2011). These included: maximum canopy storage
(CANMX), carbon dioxide concentration (CO2), soil evaporation
compensation coefficient (ESCO), fraction of maximum stomatal
conductance corresponding to the second point on the stomatal
conductance curve (FRGMAX), maximum stomatal conductance
(GSI), potential evapotranspiration method (IPET), daily maximum
temperature (MAX TEMP), daily minimum temperature (MIN
TEMP), vapor pressure deficit corresponding to the fraction given
by FRGMAX (VPDFR), and daily wind speed (WND_SP). However,
some of these parameters could not be altered since they were pro-
vided by either observed data or the weather generator used in this
study, including MAX TEMP, MIN TEMP, and WND_SP. In addition,
since climate change was not a factor for this study, CO2 was also
not altered.

The common practice in hydrologic modeling is to calibrate a
model only for streamflow. However, it is interesting to know
how much additional improvement in model predictability can
be gained by tweaking the already calibrated model (for the
streamflow). This can be achieved by only changing the parameters
that are not used for streamflow calibration but relevant to the ETa
calibration. Therefore, any SWAT parameters already used in the
streamflow calibration, CANMX and ESCO, were also not used dur-
ing the ETa calibration process. This reduced the initial set of ETa
parameters from 10 to four. Of this set of four parameters, three
are crop properties and have ranges of 0.001–0.1 for GSI, 0–1 for
FRGMAX, and 1.5–6 for VPDFR. The last parameter used in this
study, IPET, indicates which method to use when calculating
potential evapotranspiration (ETp). Within SWAT three different
ETp methods are available: namely the Penman-Monteith method,
the Priestley-Taylor method, and the Hargreaves method (Neitsch
et al., 2011). All three methods were included in the ETa calibration
process; however, it was found that the Penman-Monteith method
produced the best results for the study area. The list of SWAT
parameters that were used for the calibration procedures are pre-
sented in Table S1 in the Supplementary Material section.
2.4.2. Initial streamflow calibration
A streamflow calibration was performed to generate a base con-

dition to which the ETa calibrations could be compared. In this
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section, it was hypothesized that calibrating the model for only
streamflow can help with improvement of ETa predictability.
Therefore, only parameters that were commonly used for the
streamflow calibration were altered. In order to evaluate the per-
formance of a hydrological model, three statistical criteria that
were suggested by Moriasi et al. (2007), were used in this study.
These criteria include: 1) Nash-Sutcliffe efficiency (NSE) represent-
ing the ratio of residual variance and observed data variance (Nash
and Sutcliffe, 1970); 2) Percent bias (PBIAS) evaluating how much
larger/smaller simulated data are than their corresponding
observed data (Gupta et al., 1999); and 3) Root mean squared error
(RMSE)-observations standard deviation ratio (RSR), reporting the
ratio of RMSE and standard deviation of measured data (Legates
and McCabe, 1999). For evaluating the performance of a hydrologic
model on simulating monthly streamflow values, NSE values above
0.5, PBIAS values within ± 25%, and RSR values below 0.7 are con-
sidered as satisfactory (Moriasi et al., 2007). In addition, we also
reported RMSE to examine the error associated with the simulated
data in which lower values represent the better model
performance.

2.4.3. Multi-variable calibration
A multi-variable calibration procedure, based on Monte Carlo

simulation and an evolutionary algorithm, was applied to the
SWAT model using both remotely sensed ETa datasets and
observed streamflow from the study area. The aim of the procedure
was to identify the Pareto optimal frontier and the best trade-off
solution.

A solution is classified as Pareto optimal (also known as non-
dominated) when the value of any objective function cannot be
improved without decreasing the performance of at least one other
objective function (Chankong and Haimes, 1993; Tang et al., 2005).
In multi-variable calibration, there is at least one objective func-
tion per observed variable. For this study, the minimization objec-
tive function (OF) for each variable (i.e. ETa and streamflow) was
based on the NSE.

OF ¼ 1� NSE

The objective function for ETa was computed using the area
weighted average of the monthly simulated from the hydrologic
model and satellite-based ETa time series for each subwatershed,
which was determined as follows:

ETj ¼ 1
AT

Xn

i¼1

AiETij

where, ETj is the average ETa for month j; AT is the total surface area
of the watershed; Ai is the surface area of subwatershed i; ETij is the
ETa for subwatershed i and month j; and n is the number of subwa-
tersheds. Therefore, one pair of simulated-observed ETa series for
the whole watershed was obtained to determine a unique NSE for
this variable. This process was not employed for streamflow since
there is only one gauging station at the outlet of the study area
(Fig. 1).

The general outline of the multi-variable calibration, which is
further explained in the following sections, is as follows: A Monte
Carlo simulation is performed to understand the SWAT model per-
formance for ETa and streamflow with respect to the selected cal-
ibration parameters. Thus, 5000 parameter sets were randomly
generated via uniform sampling, which were then evaluated by
executing the SWAT model for each generated parameter set. The
results were used to define, if possible, narrower calibration
parameter ranges, and to obtain multi-objective scatter plots to
identify preliminarily Pareto Optimal solutions. The next step con-
sists of the application of a multi-objective evolutionary algorithm
known as the Nondominated Sorted Genetic Algorithm II (NSGA-II)
(Deb et al., 2002) to determine the optimal Pareto population.
Finally, the decision-making method known as the Compromise
Programming (Deb, 2001), using a Euclidean distance metric, was
employed to select the final optimal trade-off solution from the
resulting Pareto Optimal population.
2.4.3.1. Monte Carlo simulation. A total of 5000 runs for Monte Carlo
simulation were performed using MATLAB�, with randomly gener-
ated corresponding parameter sets selected from uniform distribu-
tions. Ranges for calibration parameters were defined as follows:
0.001–0.1 for GSI, 0–1 for FRGMAX, and 1.5–6 for VPDFR. A SWAT
model run was executed for each parameter combination, comput-
ing NSE for both ETa and streamflow. Dotty plots relating each OF
with parameter values were obtained to analyze parameter identi-
fiability, and if possible, narrower calibration ranges to be explored
with the NSGA-II algorithm. Likewise, multi-objective plots relat-
ing ETa and streamflow OF values were generated for preliminary
Pareto frontiers identification.
2.4.3.2. Multi-objective evolutionary algorithm: NSGA-II. The NSGA-II
is a multi-objective genetic algorithm that has been widely used in
various disciplines and has been successfully implemented in other
SWAT applications (Zhang et al., 2010, 2016; Lu et al., 2014). The
NSGA-II is a population-based algorithm that is comprised of a
nondominated ranking process, a crowded distance calculation,
an elitist selection method, and offspring reproduction operations
(Deb, 2001). For this study, a real-coded NSGA-II with simulated
binary crossover (SBX) and polynomial mutation (Baskar et al.,
2015) was applied, requiring the prior definition of distribution
indexes for each operation (defined as 20 for crossover and muta-
tion each). Other input parameters include the population size
(defined as 100), the maximum number of generations as stopping
criteria (defined as 50), and the mutation probability (defined as
the reciprocal of the number of calibration parameters).
2.4.3.3. Compromise programing approach. The compromise pro-
graming approach using the l2 metric (which becomes the Eucli-
dean distance metric) is used to select the optimal Pareto
population member that is closest to a reference point (Deb,
2001). In this case, the ideal point, which is unfeasible and is not
located on the Pareto frontier, is selected as the reference point
and it is comprised by the best objective function values (Deb,
2001). Before computing the distance between each Pareto point
and the ideal point, the objective function values are normalized
employing a Euclidian non-dimensionalization (Sayyaadi and
Mehrabipour, 2012):

OFn
ij ¼

OFijffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm
i¼1

OF2
ij

s

where, i is the index for each point in the Pareto frontier, j is the
index for each OF, m is the total number of the Pareto population,
and n superscript refers to ‘‘non-dimensional”. The distance di

between each Pareto point and the ideal point, which is the l2 met-
ric, is calculated as follows:

l2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN
j¼1

ðOFij � OFideal
ij Þ2

vuut

where, N denotes the total number of objective functions.
In the compromise programming approach, the point with the

minimum distance metric value is chosen as the best trade-off
solution.
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2.4.4. Genetic algorithm calibration
The other approach used to calibrate the SWAT models with

respect to the ETa datasets was a genetic algorithm (GA). A GA is
an optimization technique that imitates biological process to refine
a population of potential solutions to identify the best final or set
of final solutions (Goldberg, 1989; Conn et al., 1991, 1997). For this
study, a GA was used to guide ETa calibrations by changing the val-
ues of three parameters within the SWAT model, namely GSI,
FRGMAX, and VPDFR. In this section, it was hypothesized that cal-
ibrating the model for only ETa can help with improvement of
streamflow predictability. Therefore, only parameters that were
commonly used for the ETa calibration were altered. These are
the same parameters that were modified in the multi-variable
optimization approach, and thus the same ranges were used for
this optimization. With each successive set of parameter values,
a series of MATLAB� codes were used to update and run the SWAT
model (Abouali, 2017). First, the parameter values were accepted
by the code, which checked the values to the defined ranges and
then applied the values to all subwatersheds within the region.
After this was completed, the code executed the SWAT model
and stored the outputs for further analysis. In summary, the SWAT
model was run 904,900 times. While executing these runs will not
necessarily develop an ideal model, it will generate a landscape of
how ET changes for each subwatershed based on the specified
parameters. For each set of parameter values, the SWAT ETa out-
puts were compared to the ALEXI and SSEBop datasets and NSE
and RMSE were calculated for each subwatershed. The parameter
set that had the largest NSE was considered to be the best and
the lowest RMSE was used as the tiebreaker. This allowed for the
identification of the best parameter values for each subwatershed,
which then used to parametrizes the best model that maximizes
the ETa calibration. It should be noted that this is only possible
based on the assumption that the ETa calculation for one subwa-
tershed is not affected by the ETa calculation for another subwater-
shed, otherwise it would not be possible to create the mosaic
landscape of parameter values used in the best model, which to
the best of our knowledge has not been done in other SWAT stud-
Table 2
Calibration and validation criteria based on the initial streamflow calibration.

NSE PBIAS (%) RSR RSME

Overall (2003–2014) 0.612 �0.965 0.623 6.522
Calibration (2003–2008) 0.611 4.303 0.624 5.996
Validation (2009–2014) 0.613 �5.856 0.622 7.009

Fig. 2. Comparison of observed and simulated strea
ies. Furthermore, after the best parameters for each subwatershed
were identified and applied within the SWAT models, the simu-
lated ETa values were area averaged to produce a single ETa value
for the entire watershed. This set of ETa values was then used to
calculate the NSE, PBIAS, RSR, and RSME for the entire region, just
like was done in the multi-variable calibration. This was done to
allow for a watershed level evaluation of the calibration
approaches.

2.5. Statistical analysis

To further evaluate the streamflow and ETa outputs from the
calibrated models and ETa datasets, a mixed-effects model was
used to compare the mean difference between each of the outputs
(Kuznetsova et al., 2015). This process was performed twice, once
for the streamflow datasets (observed, initial streamflow cali-
brated model, ALEXI multi-variable calibrated model, ALEXI
genetic algorithm calibrated model, SSEBop multi-variable cali-
brated model, and SSEBop genetic algorithm calibrated model)
and once for the ETa datasets (ALEXI, SSEBop, ALEXI multi-
variable calibrated model, ALEXI genetic algorithm calibrated
model, SSEBop multi-variable calibrated model, and SSEBop
genetic algorithm calibrated model). This allowed for the determi-
nation of significant mean differences between the datasets with a
95% confidence level.

3. Results and discussion

3.1. Initial streamflow calibration

Daily streamflow was calibrated and validated for a 12-year
period (6 years calibration and 6 years validation) from 2003 to
2014 for the region. Table 2 shows the NSE, Pbias, RSR, and RSME
values achieved for the calibrated model. As shown in the table,
all criteria (NSE, PBIAS, and RSR) are in their respective satisfactory
ranges (Moriasi et al., 2007) indicating that the model was success-
fully calibrated and can be used to simulate streamflow values for
the region. Furthermore, while the overall RSME was 6.522, the cal-
ibration period had a smaller RSME compared to the validation
period, indicating a better model fit during the calibration period
than the validation period.

The temporal variability of observed and simulated streamflow
is also presented in Fig. 2. Overall, the SWAT model represents
observed flow variations very accurately.

The results of this section present the performance of the SWAT
model in replicating the spatially distributed ETa data obtained
mflow based the initial streamflow calibration.



Table 3
Statistical criteria ETa when the results from initial streamflow calibrated SWAT
model was used.

Period Variable/
Dataset

Statistical measure

NSE PBIAS (%) RSR RMSE

Overall (2003–2014) ALEXI ETa 0.62 27.82 0.62 21.79
SSEBop ETa 0.81 �10.12 0.44 18.28

Calibration (2003–2008) ALEXI ETa 0.62 27.83 0.62 21.48
SSEBop ETa 0.81 �8.46 0.44 18.13

Validation (2009–2014) ALEXI ETa 0.62 27.80 0.61 22.10
SSEBop ETa 0.80 �11.78 0.44 18.42
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from two remote sensing products (SSEBop and ALEXI datasets).
Table 3 shows the SWAT model performance for the overall, cali-
bration, and validation periods based on NSE, PBIAS, RSR, and RMSE
of the ETa for the condition in which only the streamflow calibra-
tion was performed. These calculations followed the same proce-
dure that was discussed in the multi-variable and GA calibration
sections, in which ETa values were area averaged across the water-
shed and then used to calculate watershed level statistical criteria.
When considering the entire time period, the streamflow cali-
brated SWAT model was able to replicate the SSEBop ETa dataset
more accurately than the ALEXI ETa dataset. This can be seen by
the fact that the statistical criteria for the SSEBop ETa were better
than those for the ALEXI ETa. Similar results were see for the cali-
bration and validation periods. Overall, this shows that the SWAT
model can better replicate the SSEBop ETa data compared to the
ALEXI data.
3.2. Multi-variable calibration

A combination of 5000 Monte Carlo simulations and a NSGA-II
evolutionary algorithm were used to identify the Pareto frontiers
for the SWAT model calibrations for both the ALEXI and SSEBop
ETa datasets. Fig. 3 shows both the entire Monte Carlo population
as well as the Pareto frontiers identified by the NSGA-II evolution-
ary algorithm for each ETa dataset. This shows that Pareto frontiers
were able to be identified from the Monte Carlo simulations run for
each ETa datasets, which indicates the first phase of the multi-
variable optimization was successful for both datasets. However,
the SSEBop Pareto frontier was able to further minimize stream-
flow and ETa OFs compared to the ALEXI Pareto frontier. Therefore,
calibrating the SWAT model using the SSEBop ETa data was able to
produce a more accurate model performance. This can be seen
Fig. 3. Monte Carlo populations and Pareto fron
more clearly in Fig. 4, which shows the Pareto frontiers for both
the SSEBop and ALEXI datasets. This figure also highlights the opti-
mal Pareto population member selected by the compromise pro-
graming method, which shows the optimal model calibration for
each dataset. This reinforces the conclusions that the SSEBop data-
set performed better than the ALEXI dataset and achieved a model
calibration that was able to better simulate both streamflow and
ET values for the entire region. In addition, the results showed that
the multi-variable calibration was able to identify a final calibrated
model for each dataset that improved both streamflow and ET
simulations.

Table 4 shows the NSE, PBIAS, RSR, and RMSE values achieved
for both final calibrated models. All values presented in the table
fall within the satisfactory ranges and indicate that the models
were successfully calibrated. Furthermore, comparison of these
values with the base model simulations showed that with respect
to ET there was an improvement in the statistical criteria. For
example, when considering overall NSE the ALEXI calibrated model
had a value of 0.73 compared to the 0.62 for the base model and
the SSEBop calibrated model had a value of 0.85 compared to the
0.81 for the base model. This indicates that the newly calibrated
models are better able to simulate ETa data. However, with respect
to streamflow, all statistical criteria remain within the satisfactory
ranges and often similar to the base model statistical criteria, sug-
gesting that the streamflow simulations were not heavily impacted
by the addition of the ET calibration. Overall, the results show that
this calibration approach was successful at improving the models’
performances while maintaining the current streamflow
accuracies.
3.3. Genetic algorithm calibration

In addition to the multi-variable approach, a GA optimization
was also performed. Unlike the multi-variable approach, this
approach focused on only improving the ETa estimations for two
remotely sensed datasets (ALEXI and SSEBop) without considering
the streamflow calibration. After hundreds of runs for each subwa-
tershed, the GA was able to identify the optimal parameters values
for each subwatershed and the ETa datasets. These final parameter
values were used to develop SWAT models that represented the
optimal ETa calibration for each subwatershed. Table 5 shows
the NSE, PBIAS, RSR, and RMSE values achieved for both final cali-
brated models. All of the ETa statistical criteria values presented in
the table fall within the satisfactory ranges and indicate that the
models were successfully calibrated with respect to ET. When
compared to the base model, it can be seen that the ETa calibration
tiers for a) ALEXI and b) SSEBop datasets.



Fig. 4. Pareto frontiers and optimal Pareto population members for both ALEXI and
SSEBop datasets.
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performed here was able to improve the simulation of ETa values
for both the ALEXI and SSEBop datasets. For example when consid-
ering the overall NSE, the ALEXI calibrated model had a value of
0.75 compared to the 0.62 for the base model and the SSEBop cal-
ibrated model had a value of 0.84 compared to the 0.81 for the base
model. However, when considering the streamflow calibration,
most of the statistical values have fallen outside the satisfactory
ranges (NSE > 0.5, PBIAS ± 25%, and RSR < 0.7) for each criteria. This
indicates that while this process was able to improve the ET simu-
lations, it was done at the cost of compromising streamflow simu-
lations. This seems logical, knowing that this approach did not
consider the streamflow calibration during the ETa calibration pro-
cess. However, this does indicate that this approach would be
unsuitable for calibrating models that require accurate streamflow
values.
Table 4
Statistical criteria for the optimal multi-variable calibration models.

Period ET dataset Statistical criteria

NSE PBIAS

ET Streamflow ET

Overall (2003–2014) ALEXI 0.73 0.59 21.73
SSEBop 0.85 0.61 �16.05

Calibration (2003–2008) ALEXI 0.72 0.59 22.01
SSEBop 0.85 0.61 �14.03

Validation (2009–2014) ALEXI 0.74 0.59 21.46
SSEBop 0.85 0.60 �18.07

Table 5
Statistical criteria for the optimal genetic algorithm calibrated models.

Period ET dataset Statistical criteria

NSE PBIAS

ET Streamflow ET

Overall (2003–2014) ALEXI 0.75 0.32 14.34
SSEBop 0.84 0.52 �17.42

Calibration (2003–2008) ALEXI 0.74 0.22 14.89
SSEBop 0.85 0.50 �15.25

Validation (2009–2014) ALEXI 0.75 0.40 13.80
SSEBop 0.84 0.53 �19.59
3.4. Statistical significance

The results of the statistical analysis of the mean difference
between each of the datasets are presented for streamflow and
ETa in Tables 6 and 7, respectively. Linear mixed-effects models
were employed to account for the spatiotemporal effects that
cause sample correlation violating the independence assumption
for the usual paired t-test (Esfahanian et al., 2017). With regard
to the streamflow datasets, all comparisons were found to be sig-
nificantly different from each other except for the comparison of
the observed dataset with the initial streamflow calibrated model.
This indicates that the initial calibration was able to closely repli-
cate the observed data to the point where statistically there is no
difference between them. However, the significant difference
observed for all other models compared to the observed data indi-
cates that those models are not as accurate when simulating
streamflow. This seems logical for the models calibrated via the
genetic algorithm approach since there was a noticeable decrease
in the statistical criteria for the streamflow calibration in these
models. However, we did not expect this for the models calibrated
using the multi-variable approach, since these models showed lit-
tle to no change in the calibration criteria for streamflow. These
results indicate that even though the calibration process was able
to satisfactorily calibrate streamflow, there exist more inconsisten-
cies within the final simulated streamflow when compared to the
observed data. When considering the comparison of streamflow
simulations between the initial model and the other four models
tested, the significant difference makes sense and indicates that
the addition of the ETa calibration influenced the streamflow cali-
bration to an extent. Furthermore, since all of these the p-values
were negative, the ETa calibrated models all underestimated the
streamflow when compared to both the observed dataset and the
initial streamflow model. This indicates that regardless of the cal-
ibration method used or the impact seen on the statistical criteria,
the ETa calibrated models produced lower streamflow values on
average. Finally, the comparisons between the four ET calibrated
models also showed significant difference, which seems
(%) RSR RMSE

Streamflow ET Streamflow ET Streamflow

13.70 0.52 0.64 18.32 6.70
8.20 0.39 0.63 16.05 6.57

18.52 0.53 0.64 18.37 6.19
12.94 0.38 0.63 15.85 6.01

9.22 0.51 0.64 18.28 7.18
3.79 0.39 0.63 16.25 7.09

(%) RSR RMSE

Streamflow ET Streamflow ET Streamflow

32.73 0.50 0.82 17.84 8.61
10.69 0.39 0.69 16/35 7.28

39.24 0.51 0.88 17.82 8.50
16.22 0.39 0.71 16.19 6.80

26.67 0.50 0.77 17.86 8.71
5.55 0.40 0.69 16.51 7.73



Table 6
Mean differences and p-values from mixed-effects model for comparison of the different streamflow datasets used in this study. Bolded values indicate significant difference at
the 0.05 level.

Streamflow datasets* Streamflow datasets*

A B C D E F

A
B 0.08 (0.75)
C �3.18 (0.00) �3.26 (0.00)
D �1.04 (0.00) �1.13 (0.00) 2.13 (0.00)
E �1.34 (0.00) �1.42 (0.00) 1.84 (0.00) �0.29 (0.01)
F �0.80 (0.00) �0.89 (0.00) 2.37 (0.00) 0.24 (0.03) 0.53 (0.00)

* A = Observed Streamflow, B = Initial Streamflow Calibrated Model, C = ALEXI Genetic Algorithm Calibrated Model, D = SSEBop Genetic Algorithm Calibrated Model, E =
ALEXI Multi-Variable Calibrated Model, and F = SSEBop Multi-Variable Calibrated Model.

Table 7
Mean differences and p-values from mixed-effects model for comparison of the different ETa datasets used in this study. Bolded values indicate significant difference at the 0.05
level.

ET datasets* ET datasets*

A B C D E F G

A
B 20.10 (0.00)
C 2.75 (0.09) �17.35 (0.00)
D 11.07 (0.00) �9.03 (0.00) 8.32 (0.00)
E 6.69 (0.00) �13.41 (0.00) 3.94 (0.00) �4.38 (0.00)
F 6.97 (0.00) �13.13 (0.00) 4.22 (0.00) �4.10 (0.00) 0.28 (0.23)
G 5.67 (0.00) �14.43 (0.00) 2.92 (0.00) �5.40 (0.00) �1.02 (0.00) �1.30 (0.00)

* A = SSEBop, B = ALEXI, C = Initial Streamflow Calibrated Model, D = ALEXI Genetic Algorithm Calibrated Model, E = SSEBop Genetic Algorithm Calibrated Model, F = ALEXI
Multi-Variable Calibrated Model, and G = SSEBop Multi-Variable Calibrated Model.
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understandable given the use of different ET datasets and calibra-
tion process used in this study.

With regards to the ETa datasets (Table 7), almost all compar-
isons among datasets showed significant differences except for
the SSEBop dataset versus the initial streamflow calibrated model
(column A and row C) and the SSEBop genetic algorithm calibrated
model versus the ALEXI multi-variable calibrated model (column E
and row F). These two cases are rather interesting since the first
comparison (SSEBop versus the initial streamflow calibrated
model) indicates that by only calibrating for streamflow it was pos-
sible to simulate ETa so that it is not statistically different from the
remotely sensed data. Meanwhile the second case (SSEBop genetic
algorithm calibrated model versus ALEXI multi-variable calibrated
model) indicates that in some cases, calibrated SWAT model can
generate comparable ETa time series even though different
approaches and datasets were used. Considering all of the other
significant differences, the comparison between the ALEXI and SSE-
Bop data (column A and row B in Table 7) made the most logical
sense since different methodologies were used to calculate these
datasets. Furthermore, similar results to the streamflow were also
seen when comparing the ETa calibrated models to the remotely
sensed ETa datasets. These observations confirm that even though
these models were able to satisfactorily simulate ETa values, the
SWAT simulated ETa was statistically different from the remotely
sensed data used to calibrate them, and thus could not accurately
replicate the remotely sensed data. However, while the streamflow
comparisons showed that all of the ETa calibrated SWAT models
underestimated streamflow, here it can be seen that the SSEBop
calibrated SWAT models overestimated ETa values while the ALEXI
calibrated SWAT models underestimated the ETa values when
compared to the SSEBop and ALEXI datasets, respectively. In addi-
tion, similar to the streamflow comparisons, the four ETa calibrated
models were significantly different from the initial streamflow cal-
ibrated model, which makes sense since all of the ETa calibrated
models had an increase in the statistical criteria for ETa calibration
compared to the initial streamflow calibrated model. Finally, the
comparisons between the four ETa calibrated models (columns D
through F and rows E through G) showed significant difference
from each other except for the case of the SSEBop genetic algo-
rithm calibrated model versus the ALEXI multi-variable calibrated
model discussed previously. This is reasonable since different cal-
ibration approaches and ETa datasets were used.
3.5. Comparison of the multi-variable and genetic algorithm
calibrations

Based on the information provided in Tables 4 and 5, it can be
concluded that the multi-variable approach used in this study
was able to generate better overall SWAT models compared to
the GA approach. However, if the goal of the model is to generate
more accurate ETa data, the GA approach was able to outperform
the multi-variable approach. This shows that depending on the
purpose of the model applications, different calibration techniques
should be used. Furthermore, it is to be noted that for both
approaches the models built using the SSEBop data were able to
achieve higher performances in simulating both streamflow and
ETa data than the models made based on the ALEXI data.
4. Conclusions

In this study, two different ETa calibration techniques were
used to evaluate the impact of adding spatially distributed and
remotely sensed ETa datasets to the traditional streamflow calibra-
tion used in hydrological models. Both techniques, multi-variable
and GA, were able to successfully improve the ETa calibration for
the hydrological model using both remotely sensed ETa datasets.
The GA technique was able to produce better ETa calibrations
and thus better ETa simulations; however, this was achieved at
the cost of lowering the streamflow calibrations. Meanwhile the
multi-variable technique was able to improve the ETa calibration
while maintaining the streamflow calibration. Therefore, future
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use of these approaches should be driven by the needs of the
research. For example, if a study is focused solely on better ETa
estimation, the GA approach is the better option; meanwhile stud-
ies focused on better simulating the entire hydrological cycle for a
region should use the multi-variable approach. Concerning the ETa
datasets used in this study, the calibrations performed with the
SSEBop dataset resulted better ETa estimations compared to the
calibrations based on the ALEXI dataset for this study area. There-
fore, it is recommended that future studies should perform this
analysis in other regions to better understand how these datasets
compare to each other as well as evaluating the impacts of differ-
ent climate variabilities (e.g., snow cover).

Statistical analysis of the streamflow and ETa showed that the
remotely sensed ETa datasets were significantly different from
each other, which was expected. Moreover, except for one excep-
tion, all of the streamflow and ETa datasets produced by the ETa
calibrated SWATmodels were also significantly different from each
other. However, all four ETa calibrated models were also signifi-
cantly different when compared to the remotely sensed data. This
indicated that while the overall model calibration was successful it
was unable to closely replicate the remotely sensed data, showing
that there still could be additional improvements in the both in cal-
ibration process and the SWAT model simulations.

It is to be noted that the ETa calibration processes used in this
study only altered three parameters within the SWAT model. This
was due to temporal and computational limitations. However, the
addition of other parameters to the calibration process, such as the
soil evaporation compensation factor (ESCO), could result in even
better model calibrations and thus better model outputs and
should be the focus of future studies. In addition, while adding
ETa calibration to the overall model calibration process was suc-
cessful in this study, future studies should consider additional
hydrological cycle components, such as remotely sensed soil mois-
ture datasets. This would allow for the development of even more
realistic models and thus more accurate results for stakeholders
and policy makers who rely on model outputs for managing fresh-
water resources.
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