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ABSTRACT: The goal of this paper was to statistically explore the spatiotemporal performance of remotely
sensed actual evapotranspiration (ETa) datasets and a remotely sensed ensemble in a region that lacks observed
data. The remotely sensed datasets were further compared with ETa results from a physically based hydrologic
model (Soil and Water Assessment Tool) to examine the differences and determine the level of agreement
between the ETa datasets and the model outputs. ETa datasets were compared on temporal (i.e., monthly and
seasonal basis) and spatial (i.e., landuse) scales at both watershed and subbasin levels. The results showed a
lack of consistent similarities and differences among the datasets when evaluating the monthly ETa variations;
however, the seasonal aggregated data presented more consistent similarities and differences during the spring
and summer compared to the fall and winter. Meanwhile, spatial analysis of the datasets showed the MOD16A2
500 m ETa product was the most versatile of the tested datasets, being able to differentiate between landuses
during all seasons. Furthermore, the use of an averaging ensemble was able to improve overall ETa performance
in the study area. This study showed that the remotely sensed ETa products are not similar throughout the
year, but the appropriate application periods for different ETa products were identified. Finally, spatial variabil-
ities of the ETa products are more in tune with landuse and climate characteristics.

(KEYWORDS: evapotranspiration; remote sensing; average ensemble; hydrological model; spatial variability;
temporal variability.)

INTRODUCTION

Freshwater is vital for life and therefore under-
standing how the hydrological cycle changes has
become a major focus of many researchers, especially
given the increased demand for water across the
globe (Clark et al. 2015; Srinivasan et al. 2017). Tra-
ditionally, this has been accomplished using monitor-
ing stations that record different aspects of the
hydrological cycle, such as streamflow and precipita-
tion. However, these stations can be expensive to

install, maintain, and operate and thus their cover-
age is often not adequate to capture spatiotemporal
variabilities of hydrological cycle elements especially
over large areas (Wanders et al. 2014). One solution
to this is the use of remote sensing (RS) products. RS
is the use of sensors and tools to indirectly measure
the characteristics of an object (Graham 1999). In
addition, with the advancement of satellite technol-
ogy, generating consistent global monitoring datasets
such as different elements of the hydrological cycle in
forms of remotely sensed products has become com-
mon (Long et al. 2014).
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In the hydrological cycle, evapotranspiration (ET)
is an influential component since it is the measure of
how much water enters the atmosphere from both
the Earth’s surface and from plants (USGS 2016a).
Which means that ET supplies water vapor to the
atmosphere driving weather patterns and precipita-
tion distributions (Pan et al. 2015; USGS 2016b).
Meanwhile, since ET measures the loss of moisture
from plants and soil, its magnitude is dependent on
the landscape. Therefore, measuring ET on a large
scale is difficult through traditional techniques (Wu
et al. 2008), but is a prime hydrological component to
be measured through remotely sensed techniques
(Anderson et al. 2012). This has led to the develop-
ment of a variety of different ET remotely sensed
monitoring products, such as the Simplified Surface
Energy Balance (SSEB) (Zhang et al. 2016), the
Atmosphere-Land Exchange Inverse (ALEXI) (Ander-
son et al. 2007; Senay et al. 2013), the Moderate Res-
olution Imaging Spectroradiometer (MODIS) Global
Evapotranspiration Project (MOD16) (Zhang et al.
2016; NTSG 2018), the Google Earth Engine Evapo-
transpiration Flux (Google 2018), and the North
American Land Data Assimilation Systems phase 2
(NLDAS-2) (Xia et al. 2015). These products can be
categorized based on the method they use to calculate
ET with the most common categories being Surface
Energy Balance Methods, Penman–Monteith Meth-
ods, and Priestley–Taylor Methods (Bhattarai et al.
2016; Zhang et al. 2016). However, each of these
methods have different assumptions and required
inputs to calculate ET as well as a higher level of
uncertainty associated with the remotely sensed data
compared to traditional ET monitoring techniques
(van der Tol and Parodi 2012; Zhang et al. 2016). All
of these can make it challenging for researchers and
policy makers to know which ET product should be
used considering landuse/landcover and a period of
study. To address this issue several papers have been
published that have compared different ETa tech-
niques and datasets (Mueller et al. 2011; Vinukollu
et al. 2011; Ershadi et al. 2015; Singh and Senay
2016; Zhang et al. 2016). Mueller et al. (2011) evalu-
ated 41 different ET products at the global scale. The
datasets they compared were divided into four cate-
gories of diagnostic datasets, Land Surface Models,
Reanalyses, and IPCC AR4 Simulations. The results
of this analysis showed that many of the tested data-
sets share global spatial patterns of high and low ET;
however, the IPCC AR4 simulations fluxed more than
other datasets across the globe (Mueller et al. 2011).
Vinukollu et al. (2011) evaluated three ET products
at the global scale, namely a Surface Energy Balance
System (SEBS), a Penman–Monteith algorithm, and
a Priestley–Taylor algorithm by comparing them to
data from 12 eddy covariance towers. The results of

this analysis showed that the Priestley–Taylor algo-
rithm had the highest correlations to tower observa-
tions among the ET products followed by the SEBS
and then the Penman–Monteith algorithm (Vinukollu
et al. 2011). Singh and Senay (2016) compared ETa
products from four different models, namely the Map-
ping EvapoTranspiration at high Resolution with
Internalized Calibration (METRIC) model, Surface
Energy Balance Algorithm for Land model, SEBS
model, and the Operational SSEB (SSEBop) model.
The results showed all models performed well at the
observed data sites. In addition, it was noted that
increased model complexity does not necessarily
mean better performance as the most complex
METRIC model and the simpler SSEBop model had
similar performances (Singh and Senay 2016). This
finding was also found in Ershadi et al. (2014), which
compared the performance of four commonly used
ETa land surface models, namely the SEBS, Pen-
man–Monteith, Advection–Aridity, and Modified Pri-
estley–Taylor, across multiple landuses through the
use of FLUXNET towers. The results showed that
the Modified Priestley–Taylor approach had the best
fit with the FLUXNET towers followed by SEBS,
Penman–Monteith, and finally Advection–Aridity
(Ershadi et al. 2014). Ershadi et al. (2014) also identi-
fied the performance of each of the four ETa
approaches with respect to the landuse surrounding
each FLUXNET tower. This highlighted the spatial
nature of ETa and showed that it is not possible to
select a single ETa technique that perfoms well for
all landuses. Ershadi et al. (2015) expanded on this
result by testing how Penman–Monteith ETa models
responded to changes in model structure and parame-
terization. Again, ETa models were compared to
FLUXNET towers, and even among models based on
the same technique (Penman–Monteith) no single
model had superior performance across all biomes
selected (Ershadi et al. 2015). Xia et al. (2015) com-
pared the ETa products from the four NLDAS-2 land
surface models (Mosaic, Noah, Sacramento Soil Mois-
ture Accounting Model [SAC-SMA], and Variable
Infiltration Capacity [VIC]) at 29 AmeriFlux sites
and 14 Atmospheric Radiation Measurement/Cloud
and Radiation Testbed sites. The results showed that
all four models were able to capture broad scale ETa
features. However, among the models there was con-
siderable variability, with the Mosaic model overesti-
mating ETa values, Noah ETa values were the
closest to the observed data, and the SAC-SMA and
VIC ETa values were between the Mosaic and Noah
(Xia et al. 2015). While these studies compare ETa
datasets to observed data, they are often limited to
specific points and given the spatial variability in
ETa across the landscape these results do not neces-
sarily indicate which ETa product performs best in
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all locations. Meanwhile, Zhang et al. (2016) explored
the methodologies used to calculated ETa, including
Surface Energy Balances, Penman–Monteith Meth-
ods, Priestley–Taylor Methods, Ts-VI Space Methods,
the MEP Method, Water-Carbon Linkage Methods,
Water Balance Methods, and Empirical Models.
Throughout their research of these different tech-
niques, different advantages and limitations were
identified, ranging from ease of use and data require-
ment to the application of unique linkages and the
impact of cloud cover. Ultimately, no single best tech-
nique was identified; however, a lack of studies
focused on identifying the sources of uncertainty for
ETa calculation methodologies was noted.

One technique to address the uncertainty within
remotely sensed datasets is the use of an ensemble of
several different products (Duan et al. 2007). Creat-
ing an ensemble of datasets helps reduce the uncer-
tainty of individual datasets by combining the
benefits of each dataset while minimizing negative
aspects like outliers (Dietterich 2000). This has led to
the creation of a variety of ensemble techniques and
applications that have been applied to remotely
sensed products (Christensen and Lettenmaier 2006;
Fowler and Ekstr€om 2009; Lee et al. 2017; Wang
et al. 2018). The complexity of these techniques
ranges from very simple calculations such as simple
averaging to very complex techniques such as ensem-
ble Kalman filter (EnKF) (Giorgi and Mearns 2003;
Ershadi et al. 2014; Kim et al. 2015; Wang et al.
2018). However, the Bayesian Model Averaging
(BMA) is the most commonly used ensembling tech-
nique for ET remotely sensed products (Kim et al.
2015; Tian and Medina 2017; Yao et al. 2017; Ma
et al. 2018) that reduces overall dataset uncertainty
by weighting ET products based on the observed data
(Kim et al. 2015). However, this technique is depen-
dent on the availability of observed data, which
depending on the region can be difficult to obtain.

In summary, the wide range of techniques can
make it challenging to know which technique should
be applied. Therefore, given the challenges associated
with the selection and use of remotely sensed ET
products in the field of hydrology three objectives
were identified for this study: (1) explore the tempo-
ral variability of individual and average ensemble
remotely sensed datasets by comparing monthly
mean differences at both watershed and landuse
scales; (2) evaluate the spatial variability of individ-
ual and average ensemble remotely sensed datasets
by comparing mean differences among landuses for
each individual ETa dataset and across all ETa data-
sets; (3) compare the mean differences in individual
remotely sensed datasets to the average ensemble
and hydrological model’s outputs at both watershed
and subbasin scales.

MATERIALS AND METHODS

To accomplish the objectives of this study a variety
of tasks were performed. First eight remotely sensed
ETa datasets along with an average ETa ensemble
and ETa output of a hydrological model were
obtained for a study area (Table 1). Since each of
these datasets has different spatial and temporal res-
olutions, they were aggregated or disaggregated to
create a series of comparable ETa datasets. To deter-
mine their performance in the study area, several
forms of statistical analysis were performed to exam-
ine the temporal spatial variabilities in addition to
their fit to the average ensemble and hydrological
model output. The following sections provide addi-
tional information about all of the processes used in
this study.

Study Area

The Honeyoey Creek-Pine Creek Watershed
(Hydrologic Unit Code 0408020203) with the area of
1,100 km2 was selected for this study (Figure 1).
Located in Michigan’s Lower Peninsula, this water-
shed is part of the Saginaw Bay Watershed, which is
the largest watershed in Michigan with final outlet at
Lake Huron. Furthermore, this region has been iden-
tified as an area of concern by the United States
(U.S.) Environmental Protection Agency due to the
degradation of fisheries, presence of contaminated
sediments, and implementation of fish consumption
advisories within the region (EPA 2017). On average,
the region receives 81 cm of precipitation per year
with higher precipitations observed during the
months between April and November (U.S. Climate
Data 2018). In addition to seasonal variation in pre-
cipitation, there is also seasonal variation in the type
of storm systems that deliver precipitation to the
area. Throughout the wetter months of the year
(April through November) convection storm fronts
driven by higher surface temperatures and high
humidity are more common. Meanwhile, during the
dryer months (December through March) mid-lati-
tude cyclones and lake-effect snow belts are responsi-
ble for most of the precipitation. Furthermore, the
late fall and winter months (November through
February) experience more clouds and shorter days,
whereas the late spring and summer months experi-
ence fewer clouds and longer days. Meanwhile, air
temperature in the region ranges from �10℃ to 27℃,
with the winter months (December through Febru-
ary) having colder temperatures and snow, whereas
the summer months (June through August) have

JAWRA JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION740

HERMAN, NEJADHASHEMI, HERNANDEZ-SUAREZ, AND SADEGHI

 17521688, 2020, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1752-1688.12849 by Stanford U

niversity, W
iley O

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

erm
s and C

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

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



hotter temperatures and more rainfall (U.S. Climate
Data 2018). In general, the relative humidity for the
region ranges from the upper sixty to mid seventy
percentages, however the high temperatures during
the summer months mean that the atmosphere is
holding more water resulting in a more humid period,
whereasthe winter months are less humid. Soils in
the area are dominated by mixtures of loam and sand
with low slopes (NRCS 2018). Landuse in the Honey-
oey watershed is dominated by agricultural land
(~57%) followed by forests (~23%), wetlands (~17%),
and urban areas (~3%). Given the heavy agricultural
nature of the region is it important to note that corn
and soybean rotations are the most common crops;
however, eight different cropping systems have been
identified in the region including alfalfa, corn, field
peas, hay, pasture, sugar beet, soybean, and winter
wheat. In general, agricultural operations like tillage
and crop planning start in the mid spring (i.e., May)
and crops are harvested in the mid fall (i.e., October)
(Love and Nejadhashemi 2011). In cases where cover
crops are utilized, planting begins postharvest in the
fall, which requires additional tillage and planting
operations (Love and Nejadhashemi 2011). Overall,
13 types of landuses were identified (NASS 2018).
These individual landuses were also combined into
four major landuse. Figure 2 shows the spatial distri-
bution of the major landuse categories throughout
the Honeyoey watershed.

Meanwhile regarding hydrological and climatologi-
cal monitoring in the area, streamflow is monitored
by a U.S. Geological Survey (USGS) station located at
the outlet of the region (Figure 1). Furthermore, two
precipitation and two temperature National Climatic
Data Center stations are located within the Honeyoey
watershed (NCDC 2018) (Figure 1). Automated air-
port weather stations are also located within and
around the Honeyoey watershed and collect wind
speed and direction, temperature, dew point, altime-
ter setting, density altitude, visibility, sky condition,

cloud ceiling, precipitation, and precipitation type
(FAA 2018). Additional weather stations from the
MSU Enviroweather system measure air and soil
temperature, precipitation, relative humidity, wind
speed and direction, solar radiation, leaf wetness, and
potential ET (Enviroweather 2018). However, none of
the enviroweather stations are located within the
study region. Meanwhile, there are several Ameri-
Flux stations located in Michigan that can be used to
report ETa; however, the closest of these stations is
116 km from the Honeyoey watershed (AmeriFlux
2018).

RS ET Products

To examine the spatial and temporal performance
of remotely sensed ET products, eight actual ET
(ETa) datasets were obtained for the study area. ETa
describes the actual amount of water loss that occurs
at a site via evaporation and transpiration and thus
is limited by the actual amount of water and energy
present (McVicar et al. 2012; NOAA 2017). The ETa
datasets utilized for this study include (1) the USGS
SSEBop, (2) the ALEXI, (3) the MODIS MOD16A2
500 m, (4) the MOD16A2 1 km, (5) the NLDAS-2
Evapotranspiration Mosaic, (6) the NLDAS-2 Noah,
(7) the NLDAS-2 VIC, and finally (8) TerraClimate.
These ETa products were selected for this study since
they are widely used by the scientific community for
water resources research. In addition, all of the prod-
ucts are available for the period of study and the area
of interest. Additional information about these prod-
ucts are provided in Supporting Information. Table 1
summarizes the spatial and temporal resolutions for
each of the ETa datasets.

Meanwhile, since the ETa were obtained from
remotely sensed products, calibration and validation
were necessary before the products were made avail-
able to the public. This was performed for all of the

TABLE 1. Summary of remotely sensed actual evapotranspiration (ETa) datasets used in this study.

ETa dataset Coverage

Resolution

Accuracy (mm/month) ReferenceSpatial (km2) Temporal

SSEBop Contiguous United States 1.0 Monthly 27.90 Velpuri et al. (2013)
ALEXI Contiguous United States 4.0 Daily 30.15 Cammalleri et al. (2014)
MOD16A2 1 km Global 0.5 Eight-day 1.25 Mu et al. (2011)
MOD16A2 500 m Global 1.0 Eight-day 1.25 (Mu et al. (2011)
NLDAS-2: Mosaic North America 12.0 Hourly/monthly 6.00 Long et al. (2014)
NLDAS-2: Noah North America 12.0 Hourly/monthly 3.66 (Long et al. (2014)
NLDAS-2: VIC North America 12.0 Hourly/monthly 6.66 Long et al. (2014)
TerraClimate Global 4.0 Monthly 4.75 Abatzoglou et al. (2018)

Notes: SSEBop, Operational Simplified Surface Energy Balance; ALEXI, Atmosphere-Land Exchange Inverse; MOD16A2, MODIS Global
Evapotranspiration Project; NLDAS-2, North American Land Data Assimilation Systems phase 2; VIC, Variable Infiltration Capacity.
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aforementioned ETa products by the agencies supply-
ing the data and the levels of accuracy were also
reported in Table 1. As can be seen in Table 1, the
ETa accuracy of the remotely sensed datasets varies
between 1.25 to 30.15 mm/month and with the
MOD16A2 datasets having the smallest error followed
by NLDAS-2: Noah, TerraClimate, NLDAS-2: Mosaic,
NLDAS-2: VIC, SSEBop, and finally ALEXI. However,
it is important to note that these errors are based on
site specific comparisons with observed data. This
means that for any given location between two
observed sites, the actual error associated with each
dataset could flux. In addition, the accuracy level
reported in Table 1 are not absolute errors, which
mean that they can change throughout the years and
for different landuses. Therefore, in case that mea-
sured ETa data are available for the study site, valida-
tion of the ETa RS products in use with the measured
Eta data is highly recommended. Given this, it is
important to note that the goal of this study is not to
perform revalidation for the selected datasets but to
see how the ETa datasets perform within the study
area. However, we are interested to assess how

different spatial and temporal variation are repre-
sented by each dataset while identifying the possible
sources of discrepancy among datasets. In addition,
and as presented in Study Area section of this paper,
while there are many monitoring sites within and
around the study area, there is a lack of observed ETa
datasets. Therefore, to help to account for the uncer-
tainty within the datasets, an ensemble dataset based
on an averaging technique (Tebaldi and Knutti 2007)
was also created. It is important to note that, the use
of a straight average for ensembling is not as robust
as other techniques such as BMA (Krishnamurti et al.
2000); however, due to the lack of observed data in the
region (Figure 2) it was considered as the most appro-
priate technique to use. Therefore, in this study, the
arithmetic mean method was used to calculate the
average ETa ensemble values.

Hydrological Model

In addition to the eight remotely sensed ETa prod-
ucts and the average ETa ensemble, a hydrological

FIGURE 1. Map of the Honeyoey watershed and locations of climatological stations within and near the region.
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model was used to estimate ETa for the region as
well. Hydrological models are often used to simulate
the hydrological cycle across the landscape, since they
are an efficient and inexpensive alternative to moni-
toring (Giri et al. 2012). They accomplish this, in gen-
eral, by performing a water balance for the region,
which utilizes various calculations describing water
movement throughout the landscape as well as the
interactions between water and biotic and abiotic

characteristics (Martinez-Martinez et al. 2014). ET is
one of the major components of the water balance
and as such plays a major role in hydrological mod-
els. To estimate ETa, hydrological models often first
calculate potential ET and then account for actual
loss by determining the impacts of landcover and soil
moisture (Kite and Droogers 2000).

In this study, the hydrological model selected was
the Soil and Water Assessment Tool or SWAT model.

FIGURE 2. Map of the individual (a) and major (b) landuse classes within the Honeyoey watershed based on the 30 m resolution map
obtained from the Cropland Data Layer developed by the United States Department of Agriculture-National Agricultural Statistics Service.
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SWAT is a semi-distributed, continuous-time hydro-
logical model developed by the U.S. Department of
Agriculture (USDA) — Agriculture Research Service
(ARS) and Texas A&M AgriLife Research (Texas
A&M University 2018). This is the most widely used
hydrologic model, which utilizes several different
datasets, such as topography, soil properties, landuse,
and climatological observations to simulate hydrologi-
cal parameters such as streamflow and ET (Gassman
et al. 2007). Regarding ETa estimation, the SWAT
model first calculates potential ET. This can be done
one of three ways, namely the Penman–Monteith
method, the Priestley–Taylor method, and the Harg-
reaves method, with the Penman–Monteith Method
as the default (Neitsch et al. 2011). After this, SWAT
takes into account the evaporation from rainfall
intercepted by the canopy, maximum transpiration,
maximum soil evaporation, and sublimation (during
periods of snow cover) (Neitsch et al. 2011). These
calculations are performed at the hydrologic response
unit scale, which divided the region into subbasins
that have unique physiographical characteristics. For
this study, 250 subbasins were created in the study
area. This number was selected due to limitations in
the number of unique landuses that could be applied
within the SWAT model. Ultimately, all of these cal-
culations result in the creation of a dataset that
reports monthly ETa at the subbasin level.

To ensure that the hydrological model represented
the study area, calibration and validation were per-
formed for the period of 2003–2014, with 2003–2004
serving as a model warmup period, 2005–2009 used as
the calibration period, and 2010–2014 used as the vali-
dation period. The hydrological cycle component used
for this process was streamflow, with the daily model
streamflow output being compared to observed daily
streamflow at the watershed outlet. To evaluate this
comparison, three statistical criteria were used, namely
Nash–Sutcliffe efficiency (NSE), percent bias (PBIAS),
and root mean squared error-observations standard
deviation ratio (RSR), which were identified by Moriasi
et al. (2007). Calibration and validation were successful
for the developed model since the following ranges for
each statistical criterion were met: NSE >0.5, PBIAS
�25, and RSR <0.7 (Herman et al. 2015).

Remotely Sensed Actual ET Data Source and
Conversion Procedure

All the ETa datasets were obtained for the period
2003–2014 for the study area. This period was
selected since all of the selected ETa datasets had
data available during this period. The NLDAS-2 data-
sets (from Mosaic, Noah and VIC models) were
obtained using the NASA Goddard Earth Science

Data and Information Services Center website
(NASA/GSFG 2018). ETa values for each model were
extracted using the wgrib program developed by the
NOAA’s National Centers for Environmental Predic-
tion (NOAA-NCEP 2013). Similarly, average ETa val-
ues from MOD16A (eight-day values, 0.5 and 1 km
resolutions) and TerraClimate (monthly values) data-
sets were obtained using the code editor of Google
Earth Engine (Gorelick et al. 2017). Missing eight-
day values in MOD16A datasets were completed
using multiyear averages for either the respective
week or month of the missing values (the latter when
the average week value was not available) (Mu et al.
2011). Meanwhile, averaged ETa values for the SSE-
Bop product and the NASA ALEXI product were
obtained from USGS and USDA, respectively. The
SSEBop product (available once every eight days)
was derived from 1 km MODIS thermal imagery,
whereas the ALEXI product (available daily) was
derived from the 4 km thermal images that were
obtained from Geostationary Operational Environ-
mental Satellites (Senay et al. 2013; Velpuriet al.
2013; Hain et al. 2015). Then ETa values were aver-
aged to create monthly ETa values.

However, to compare these ETa datasets, they
need to be converted to the similar spatial and tempo-
ral resolutions. The first step was to ensure that each
ETa dataset was reported on a monthly basis. For
datasets already reported on a monthly basis (SSE-
Bop, NLDAS-2, and TerraClimate) no processing was
needed. However, for datasets that reported ETa on a
daily (ALEXI) or eight-day (MOD16) basis, values
within each month were summed using the R pro-
graming language. The second step was to ensure
that each ETa dataset accounted for spatial variabil-
ity within the landscape. To accomplish this the ETa
datasets had to be averaged for each subbasin. This
was done using weighted area averaging technique
on all ETa datasets for each unique physiographic
region within the Honeyoey watershed. The average
ETa values were obtained by resampling the raster
files to a cell size of 10 m and computing the mean
value of the cells within each of the 250 subbasins.
Weighted area averaging was used since it was able
to address the issues of multiple pixels and partial
pixels occurring within unique physiographic regions
and resulted in a single ETa value for each subbasin.
By performing these two processes, eight monthly
ETa datasets at the subbasin level were created that
can be used for further analysis.

Statistical Analysis

To compare the performance of the eight datasets,
average ensemble, and SWAT model within the study

JAWRA JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION744

HERMAN, NEJADHASHEMI, HERNANDEZ-SUAREZ, AND SADEGHI

 17521688, 2020, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1752-1688.12849 by Stanford U

niversity, W
iley O

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

erm
s and C

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

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



region, three different statistical approaches were
used. These analyses were performed to take into
account different spatial scales (subbasin, watershed),
landuses (major and individual), and temporal resolu-
tions (overall, seasonally, and monthly).

The first statistical approach evaluated the tempo-
ral variability of the different ETa datasets and uti-
lized multi-pairwise comparisons to estimate the
monthly mean differences between ETa datasets, for
both the whole watershed and for specific landuse
types. This was done to determine any consistent
similarities and differences that could be found
among the ETa datasets throughout the year. Since
this was done for both the entire watershed and for
each landuse, a total of 18 area-weighted ETa
monthly time series were generated for each ETa
dataset (13 individual landuses, 4 major landuses,
and the entire watershed). To compare these data-
sets, two different models were used: (1) for overall
comparisons the Generalized Least-Square (GLS)
estimation with Autoregressive model, with a lag of
1, or AR (1) was used since complete time series
was being compared (Fox and Monette 2002); (2)
while for monthly and seasonal comparisons the
GLS estimation with Continuous Autoregressive
model with lag 1, or CAR (1) was used since irregu-
larly spaced time series were being compared (Wang
2013). In both cases, the difference between two
analyzed time series was used as the response vari-
able. Furthermore, a p < 0.05 denoted datasets that
were significantly different (Nejadhashemi et al.
2012).

The second statistical approach evaluated the spa-
tial variability of the different ETa datasets and uti-
lized multi-pairwise comparisons of different landuse
types (including the watershed average) for each indi-
vidual ETa dataset and across all ETa datasets. By
performing both of these analyses, it is possible to
evaluate the performance of individual ETa datasets
in differentiating among landuse classes as well as
determine if different ETa datasets perform in a simi-
lar manner for individual landuses. This again uti-
lized both GLS estimation with AR (1) and GLS CAR
(1) in which area-weighted ETa monthly time series
are obtained for the whole watershed. Meanwhile,
each landuse were pairwise compared. Again, the dif-
ference between two time series is used as the
response variable.

Finally, for the third approach, we computed the
mean difference between the ETa datasets with
respect to the average ensemble and SWAT model for
each subbasin. In this case, the GLS-AR (1) regres-
sion method was used to perform an overall compar-
ison, which reported the mean difference and p-value
for each subbasin. As a result, a series of maps were
created that represented the spatial variation in the

mean differences with respect to the average ensem-
ble and SWAT model ETa values.

RESULTS AND DISCUSSION

In this section of the paper, several tables were
used to identify similarities and differences among
the ETa datasets. When different datasets have the
same superscript, it indicates that the mean differ-
ence of the datasets is not statistically different from
zero. Meanwhile, if two datasets have different super-
scripts, it indicates that while each dataset is similar
to another dataset, the mean difference between
them is statistically different from zero. Finally, if a
dataset has no superscript, it indicates that the mean
difference of that dataset and all other datasets is
statistically different from zero. It is important to
note that in the context of this text, the term “clus-
ters” is used to describe sets of ETa datasets for
which the mean difference is significantly not differ-
ent from zero.

Temporal Statistical Analysis

Monthly Analysis. Watershed Scale Ana-
lysis. Temporal cluster analysis was performed to
determine if any of the ETa datasets produced similar
results during specific times of the year. Table 2 pre-
sents the mean monthly values of each ETa dataset
for the entire Honeyoey watershed as well as any sim-
ilarities between datasets with superscripted letters.

Regarding similarities between datasets through-
out the course of the year, no noticeable consistent
similarities and differences were seen. This is likely
due to the fact that each of the ETa datasets utilize
different equations, approaches, and spatial resolu-
tions. Another possible cause for the lack of consis-
tent similarities and differences among the ETa
datasets is the fact that this analysis is the summary
over the entire watershed, and consistent similarities
and differences found within specific landuses could
be lost due to data aggregation at the watershed
level.

Landuse Analysis. To determine if consistent simi-
larities and differences among the ETa datasets were
lost due to aggregation at the watershed scale,
monthly analysis was also performed for the major
landuses (agriculture, forest, urban, and wetland) as
well as all of the individual landuses (ALFA, CORN,
FPEA, FRSD, FRSE, HAY, PAST, SGBT, SOYB,
URLD, UTRN, WETF, WWHT). Tables S1–S4 show-
ing the mean monthly values of each ETa dataset for
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agricultural, forest, urban, and wetland regions,
respectively, with clusters identified with superscript
letters. Meanwhile, Tables S5–S17 show the same
analysis for each individual landuse.

Overall, similar results to the overall analyses
were seen, with the winter months, such as January
and February, having fewer clusters and more unique
datasets, whereas the summer months such as June
and July, had more clusters and fewer unique data-
sets. However, analysis of the major landuse classifi-
cations showed that the presence of vegetation might
result in less ETa dataset viability.

Seasonal Analysis. Watershed Scale Analy-
sis. Temporal cluster analysis was also performed on
a seasonal basis to determine if additional consistent
similarities and differences among the ETa datasets
could be identified. Table 3 presents the mean
monthly seasonal values of each ETa dataset for the
entire Honeyoey watershed as well as any similarities
between datasets with superscripted letters. The
results were similar to the monthly analysis, in
which the winter and the fall show fewer clusters
and more unique datasets, whereas the spring and
the summer show more clusters and fewer unique
datasets. This is likely due to the challenges such as
cloud cover and snow cover that occur during the fall
and the winter seasons (Wang et al. 2015). Mean-
while, unlike the monthly analysis, the average
ensemble showed similarities for all seasons, though
again no noticeable pattern was seen in which data-
sets were found to be similar.

Landuse Analysis. Similar to the monthly analy-
sis, major landuse and individual landuse seasonal
analysis was performed to determine if consistent
similarities and differences among the ETa datasets

were lost due to aggregation at the watershed scale.
Tables S18–S21 show the mean seasonal values of
each ETa dataset for agricultural, forest, urban, and
wetland regions, respectively, with clusters identified
with super script letters. Meanwhile, Tables S22–S34
show the same analysis for each individual landuse.

Overall, the seasonal analysis showed similar
results to the monthly analysis. This confirmed that
the presence of vegetation plays a major role in the
similarity between ETa datasets. Furthermore, the
spring and summer tended to show more similarities
among the ETa datasets, whereas the fall and the
winter tended to have fewer similarities and more
unique ETa datasets. This matches the weather pat-
terns found in the region and confirms that cloud
cover and snow played a major role in ETa dataset
variance. Meanwhile, there did not seem to be any
noticeable patterns among ETa dataset similarities
between the months and seasons. This is likely due to

TABLE 2. Average monthly ETa values for each dataset for the entire watershed with clusters indicated by superscripts for each column.

Datasets

Month

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

MOD16A2 1 km 16.06a 21.77a 37.24a 37.99 59.82a 83.85a 100.06a 83.16a 44.02 25.29a 20.22a 15.12a

MOD16A2 500 m 15.81a 21.14a 37.55a 44.98a 77.94b 109.21b 130.74b,c 110.68b 57.27a,b 26.58a 17.14 10.72b

SSEBop 0.03 0.01 10.38b 26.82b 50.02c,d 92.37a,c,d 117.93d 99.96a,c 52.34a,c 12.16 5.77b 0.71c

NLDAS-2:Mosaic 10.91b,c 11.86b 26.84c,d 58.93c 95.36 119.00e 135.66b 115.18b 85.01 49.21b 21.83a 11.76b

NLDAS-2:Noah 10.21b 12.53b 19.11e 28.36b 43.84c 74.62 102.31a 99.85a,c 67.05d 28.46 10.55 7.36d

NLDAS-2:VIC 7.61 9.77 10.19b 15.40 48.11d 89.21a,c 116.70d 97.60a,c 50.54c 16.37 6.00b 7.14d

TerraClimate —1 —1 18.00b,c,d,e 81.94 101.65 110.67b,e 97.78a,e 87.19a,c 65.24a,b,c,d 49.53b 22.52a 1.40c

ALEXI 22.96 37.32 51.08 56.75c 83.23b 104.55b,d 123.5c 100.37a,c 66.77d 32.57c,d 19.47a 16.17a

SWAT 3.72 5.47 29.21c 42.72a 63.08a 97.71b,c,d 88.40e 69.87 55.80a,b,c 32.86c 19.47a 7.60d,e

Average ensemble 11.83c 16.17 26.39d 43.90a 69.99 97.94d 115.59d 99.25c 61.03b 30.02d 15.44 9.41e

Note: SWAT, Soil and Water Assessment Tool.
1Note that no ETa values were provided for TerraClimate for the months of January and February.

TABLE 3. Average seasonal ETa values for each dataset for the
entire watershed with clusters indicated by superscripts for each

column.

Datasets

Seasons

Winter Spring Summer Fall

MOD16A2 1 km 17.65 45.02a 89.02a 29.84
MOD16A2 500 m 15.89 53.49 116.88 33.66a

SSEBop 0.25a 29.07b 103.42b,c,d 23.42b

NLDAS-2:Mosaic 11.51b 60.38c 123.28 52.02
NLDAS-2:Noah 10.03 30.44b 92.26a 35.35a,c

NLDAS-2:VIC 8.17 24.56 101.17b,c 24.30b

TerraClimate 1.09a 68.6d 98.55a,b,c,d 45.76
ALEXI 25.48 63.68c,d 109.47 39.60
SWAT 5.6 45.00a 85.33a 36.04a,c

Average ensemble 12.47b 46.76a 104.26c,d 35.50c
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the various accuracies and spatial resolutions associ-
ated with the individual ETa products. However,
across the different landuses, ETa datasets tended to
show similar patterns for specific months and seasons.
This is likely due to similarities in how the different
ETa datasets were calculated, e.g., Noah, Mosaic, SSE-
Bop, and ALEXI all utilize forms of surface energy
balances to calculate ETa, whereas MOD16A2 and
SWAT utilize Penman–Monteith techniques, and VIC
and TerraClimate utilize water balances.

Spatial Statistical Analysis

Spatial statistical analysis was performed on the
ETa datasets, average ensemble, and SWAT model
outputs to determine how the different datasets per-
formed across different landuses. The first step in
this analysis was to determine how the individual
datasets performed across the different landuses
found in the study area. After this, a comparison
among the different datasets was performed to deter-
mine if any of the datasets showed similarities across
different landuses.

Landuse Distinction within each ETa Datase-
t. Overview of Landuse Distinction within each ETa
Dataset. Table 4 presents the overall datasets aver-
ages with respect to the major landuse categories as
well as the watershed scale average. Similarities
between these regions are indicated with superscript
letters. Overall, a number of similarities were identi-
fied. However, these could be caused by similarities
in the landuses due to changes throughout the year.
Therefore, seasonal and monthly analysis was consid-
ered to further examine these similarities and deter-
mine their cause.

Seasonal Overview of Landuse Distinction within
each ETa Dataset. To determine if the similarities
noticed in the watershed scale analysis were related
to specific times of the year, seasonal analysis was
performed for each dataset, with the results pre-
sented in Tables S35–S44. This analysis was also per-
formed on a monthly basis for the major landuse
classes (Tables S45–S54) and for individual landuses

(Tables S55–S64) with the results presented in Sup-
porting Information.

A summary of this analysis for all of the ETa prod-
ucts can be seen in Table 5. Overall, breaking the
spatial analysis down to the seasonal scale improved
the individual ETa product performances. This also
allowed for the identification of the best seasons to
use each dataset: MOD16A2 1 km: spring and sum-
mer; MOD16A2 500 m: winter, spring, summer, fall;
SSEBop: winter; NLDAS-2 Mosaic: spring and sum-
mer; NLDAS-2 Noah: winter and summer; NLDAS-2
VIC: spring; TerraClimate: spring; ALEXI: none;
SWAT: spring and summer; Average Ensemble: win-
ter, summer, and fall. This shows that the best pro-
duct for landuse distinction in the Honeyoey
watershed was the MOD16A2 500 m, whereas the
worst for the region was the ALEXI product. Further-
more, analysis of the average ensemble showed that
by averaging the ETa products it was possible to
improve the performance and differentiate among the
major landuses.

Landuse Similarities between ETa
Datasets. Statistical analysis comparing the ETa
datasets was also performed regarding the entire
watershed and the major landuse categories (Table 6)
and for all individual landuses (Table S65). This is
similar to the temporal analysis and was performed
to determine if any similarities existed between the
ETa datasets when considering the spatial distribu-
tion of landuses throughout the region. As can be
seen in Table 6, a variety of datasets clusters were
identified. However, unlike the temporal analysis,
several of the clusters spanned multiple landuses.
For example, the MOD16A2 1 km, NLDAS-2:Noah,
NLDAS-2:VIC, and SWAT model datasets had similar
ETa values across agricultural, urban, and wetland
regions. This is interesting since, each of these data-
sets has different accuracies and spatial and temporal
resolutions. However, the governing equations for
each of these products is based on energy balances,
which could explain why they produced similar val-
ues across these landuses. Meanwhile, the ALEXI
and TerraClimate and the ALEXI and NLDAS-2:
Mosaic ETa products were similar for all major

TABLE 4. Overall dataset averages for each major landuse category with clusters indicated by superscripts for each column.

Landuse

Dataset

MOD16A2
1 km

MOD16A2
500 m SSEBop

NLDAS-2:
Mosaic

NLDAS-2:
Noah

NLDAS-2:
VIC

Terra
Climate ALEXI SWAT

Average
ensemble

Agriculture 43.92 52.60 37.89 62.60a 42.68a 40.14a 66.72a 59.66a 43.50a,b 49.39
Forest 47.81a 59.30 40.89a 61.09a,b 40.71a,b,c 37.24 66.61a,b 59.77a 41.45a 50.30a

Urban 41.68 49.48 35.40 63.28a,b 43.89b 41.30b 67.01b 56.83 34.25 48.46
Wetland 47.58a 58.00 40.97a 59.85 41.29c 40.37a,b 66.70a 59.39a 44.68b 50.39a
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landuses. The similarity between the ALEXI and
Mosaic products can also be explained by the fact
that both use energy balances to calculate ETa,
which is similar the first cluster of ETa products.
However, considering the TerraClimate/ALEXI simi-
larity, these products utilize different governing
equations (water balance vs. energy balance) and
have very different accuracies. However, they share
the same spatial resolution. This in combination with
the other clusters indicates that ETa product similar-
ity can be obtained for datasets that utilize similar
approaches; however, it is also possible to achieve
this same result if datasets share a spatial resolution.

However, given the spatial nature of ETa this makes
sense.

On the other hand, at the watershed scale, there
was a reduction in the number of datasets sets found
to be similar, e.g., at the watershed scale the
MOD16A2 1 km dataset was not considered similar
to the NLDAS-2: Noah, NLDAS-2: VIC, and SWAT
datasets, which was seen when considering specific
landuses. This shows that aggregation to the water-
shed level can result in the loss of similarities among
ETa products, which indicates that performing analy-
sis for specific landuses improves overall product
agreement.

TABLE 5. Summary of landuse and season differentiation for all ETa products used in this study, Xs mark conditions that could be
differentiated by the product.

Dataset Spatial scale

Temporal scale

Overall Winter Spring Summer Fall

MOD16A2 1 km Agriculture X X X X X
Forest X X
Urban X X X X
Wetland X X X

MOD16A2 500 m Agriculture X X X X X
Forest X X X X X
Urban X X X X X
Wetland X X X X X

SSEBop Agriculture X X X X
Forest X
Urban X X X X
Wetland X

NLDAS-2: Mosaic Agriculture X X
Forest X X X X
Urban X X X X
Wetland X X X

NLDAS-2: Noah Agriculture X X X
Forest X X X
Urban X X X
Wetland X X

NLDAS-2: VIC Agriculture X X
Forest X X X
Urban X X X
Wetland X X

TerraClimate Agriculture X X
Forest X X X
Urban X X
Wetland X

ALEXI Agriculture X X
Forest
Urban X X X X
Wetland X

SWAT Agriculture X X
Forest X X X X
Urban X X X
Wetland X X X X

Average ensemble Agriculture X X X X
Forest X X X
Urban X X X X
Wetland X X X
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Overall, the presence of recurring similarities and
differences among the ETa products when considering
landuses shows that agreement among the ETa prod-
ucts is possible and is influenced by spatially depen-
dent variables such as landuse and governing
equations. This makes sense given the spatial variabil-
ity associated with ETa; however, when combined with
the lack of consistent similarities and differences in
the temporal analysis indicates that landuse plays a
more important role for ETa than seasonal variations,
at least with respect to product agreement.

Subbasin-Level Statistical Analysis

SWAT Model Output. Similar to the landuse
analysis performed between all of the datasets, spa-
tial mean difference was also calculated between the
eight remotely sensed ETa products and the SWAT
model output at the subbasin level. This analysis,
presented graphically in Figure 3, provides a spatial
overview regarding how well the SWAT model was
able to replicate the remotely sensed ETa datasets.
As can be seen in Figure 3, most of the subbasins in
maps a), c), e), and f), MOD16A2 1 km, SSEBop,
NLDAS-2: Noah and NLDAS-2: VIC, respectively,
show no difference in their ETa values with the
SWAT model output. This matches the results seen
in Landuse Similarities between ETa Datasets sec-
tion, which also showed that these datasets were
more closely aligned with the SWAT model regarding
individual landuse ETa values. However, while the
previous analysis indicated that these datasets were
similar in nature, the spatial subbasin analysis shows
that the SWAT model output is over or underestimat-
ing different regions within the Honeyoey watershed.
This shows that while the watershed scale analysis
showed agreement, it is important to take into
account spatial variation within the landscape. On
the other hand, when considering the other remotely

sensed ETa datasets, most of the region shows that
the SWAT model is underestimating the values
reported by the MOD16A2 500 m, NLDAS-2: Mosaic,
TerraClimate, and ALEXI products. This also
matches the earlier results of this study as well as
the results of previous studies that showed that the
SWAT model had a better fit with the SSEBop data-
set compared to the ALEXI dataset (Herman et al.
2018). These results are further supported by sub-
basin level statistical difference/no difference pre-
sented in Figure S1.

Average Ensemble. Subbasin level analysis was
also performed comparing the average ensemble’s
ETa values to the eight remotely sensed ETa prod-
ucts and the SWAT model output (Figure 4). As can
be seen in Figure 4, the average ensemble was either
under- or overestimating ETa values for all of the
datasets. Interestingly the split as to which datasets
was under- or overestimated matched the split of
those datasets that were either similar of different
from the SWAT model output. With MOD16A2 1 km,
SSEBop, NLDAS-2: Noah and NLDAS-2: VIC show-
ing that the average ensemble overestimated Eta val-
ues, whereas comparisons to MOD16A2 500 m,
NLDAS-2: Mosaic, TerraClimate, and ALEXI prod-
ucts showed underestimation. However, this makes
sense since the average ensemble was created by
averaging all datasets used in this study. This would
result in a dataset that fits the middle ground
between all datasets, which is clearly the case here.
This also explains why the average ensemble was
found to be statistically different for the majority of
subbasins for all datasets (Figure S2).

Time Series Analysis

This section focuses mainly on the temporal vari-
abilities of the remotely sensed and SWAT ETa

TABLE 6. Overall summary of average ETa values for each dataset for the entire watershed and each major landuse category with clusters
indicated by superscripts for each column.

Dataset

Region

Watershed Agricultural Forest Urban Wetlands

MOD16A2 1 km 45.39a 43.92a 47.82a 41.68a 47.59a,b

MOD16A2 500 m 54.98b 52.61b 59.30b,c 49.49b 58.00c,d

SSEBop 39.05c 37.89 40.90d 35.40c 40.98a

NLDAS-2:Mosaic 61.80d 62.61c 61.09b 63.28d 59.86c

NLDAS-2:Noah 42.03a,c 42.68a 40.72d 43.89a 41.30a

NLDAS-2:VIC 39.56c 40.14a 37.24e 41.30a,c 40.38a

TerraClimate 66.71b,d 66.73b,c 66.62c 67.01e 66.70d

ALEXI 59.57b,d 59.67b,c 59.77b,c 56.84d,e 59.39c,d

SWAT 43.00c 43.50a 41.45d,e 34.25a,c 44.68a,b

Average ensemble 49.75 49.39 50.31a 48.46b 50.39b
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products against the average ensemble ETa. Figure 5
presents the comparison between the RS ETa
monthly time series at the watershed level against
the Ensemble, from 2003 to 2014. In general, SSE-
Bop, TerraClimate and NLDAS2 (i.e., Mosaic, Noah,
and VIC) products provide minimum ETa values
below the minimum ensemble values. Meanwhile,
MOD16A2 500 m, Mosaic, and ALEXI provide maxi-
mum values above the Ensemble maximum values.
However, in order to better capture these variabilities
on the on a monthly basis, Figure S3 was created.

Figure S3 shows the monthly distribution of the
difference between RS ETa datasets and the Ensem-
ble (ETadataset–TaEnsemble) at the watershed level.
Overall, SSEBop, MOD16A2 500 m, NLDAS2 Mosaic,
and NLDAS2 VIP are overpredicting ETa values for
the months of June, July, and August. This makes
sense since these months are the hottest months of
the year. However, higher ETa rates were observed
for the coldest months of the year (January and
February) by MOD16A2 1 km and ALEXI, which can
indicate the lower reliability of these products in
colder times of the year. It is also worth noting that

the TerraClimate dataset results in the highest mag-
nitude and variability of these differences. This can
represent that the ETa product of TerraClimate is
fundamentally different from the majority of ETa RS
products used in this study since it uses a water bal-
ance approach to calculating ETa. Figure S4 presents
the comparison between the average ensemble and
the SWAT simulation for both the watershed level
ETa monthly time series and the monthly distribu-
tion of ETa differences. This figure indicates that
SWAT generally provides lower ETa values than the
Ensemble. However, the highest divisions were
observed in July and August that can be significant
for underestimating crop water requirements. Sea-
sonally, the highest differences between different
ETa products and the average ensemble are provided
by ALEXI for the winter, TerraClimate for the
spring, and Mosaic for the summer and the fall (see
Figure S5). Likewise, the lowest differences are given
by SSEBop for the winter and fall, Noah for the
spring, and TerraClimate and SWAT for the summer.
In general, the lowest variabilities can be a good indi-
cator of the reliability of the dataset when no

FIGURE 3. Maps showing the mean difference between each ETa dataset and the SWAT model output. Maps correspond to (a) MOD16A2
1 km, (b) MOD16A2 500 m, (c) SSEBop, (d) NLDAS-2: Mosaic, (e) NLDAS-2: Noah, (f) NLDAS-2: VIC, (g) TerraClimate, and (h) ALEXI.
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additional information exists regarding validating the
accuracy of the ETa product for the region of study.

CONCLUSIONS

Throughout the course of this study statistical
analysis was used to compare the performance of
published remotely sensed ETa products in a region
with no observed ETa data. Overall, temporal analy-
sis of the datasets showed that there was no notice-
able trend in similarities between specific datasets at
both monthly and seasonal scales. However, a general
pattern was seen with the summer and spring sea-
sons showing more clusters among the datasets and
fewer unique datasets. Meanwhile, the fall and the
winter seasons showed fewer clusters and more
unique ETa datasets. This is reflective of weather
and vegetation cover trends within the region. Never-
theless, the lack of consistent similarities and differ-
ences among the datasets shows that temporal

variation is less influential when compared to spatial
variation. This likely due to several factors such as
the spatial resolutions. This was most clearly identi-
fied in the comparison of the two MOD16A2 products
(1 km and 500 m). Despite both products utilizing the
same approach and temporal resolution, the lack of
similarity throughout the year can be attributed to
the impact of different spatial resolutions.

Meanwhile, spatial analysis at both the watershed,
landuse, and subbasin levels led to the identification
of two major clusters within the ETa datasets. These
clusters were consistent across different landuses.
This highlights two major points, first, there is lots of
variance among the different RS ETa products, which
is driven by the use of different governing equations,
spatial and temporal resolutions, and accuracies.
However, the second point is that it is possible to find
similar ETa time series across different RS ETa prod-
ucts, this is driven by the use of similar governing
equations and spatial resolutions.

In addition, it is important to note which datasets
should be used when. The ETa product that was able
to differentiate among all of the major landuses for

FIGURE 4. Maps showing the mean difference between each ETa dataset and the average ensemble. Maps correspond to (a) MOD16A2
1 km, (b) MOD16A2 500 m, (c) SSEBop, (d) NLDAS-2: Mosaic, (e) NLDAS-2: Noah, (f) NLDAS-2: VIC, (g) TerraClimate, (h) ALEXI, and (i)

SWAT model.
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all seasons was the MOD16A2 500 m dataset. How-
ever, all of the other datasets, except for ALEXI, were
able to differentiate between landuses for at least one
season.

In summary, this study showed that remotely
sensed ETa products do not follow the same trend
throughout the year, this is more pronounced during
the period of low vegetation cover. However, we

FIGURE 5. Monthly ETa time series aggregated at the watershed level for different remote sensing-based products compared with the
Ensemble product from 2003 to 2015.
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identified the appropriate application period for dif-
ferent ETa products. Finally, spatial variabilities of
the ETa products are more in tune with landuse and
climate characteristics and can be explained based on
the governing equations, spatial and temporal resolu-
tions, and accuracies of the products. This can also
help stakeholders, policy makers, and researchers
select the best ETa dataset for different tasks such as
the monitoring of agricultural lands or tracking
deforestation.

However, this study was performed for only one
watershed, future studies should be performed to
expand this analysis to different climatological zones.
This would help improve our understanding of how
each ETa product performs across the global land-
scape and which ones should or should not be recom-
mended for different seasons or landuses to help
ensure that the correct ETa dataset is selected. Fur-
thermore, other ensembling techniques should be per-
formed to identify the best product for different
regions.

SUPPORTING INFORMATION

Additional supporting information may be found
online under the Supporting Information tab for this
article: Supporting Information includes additional
tables and figures used in temporal and spatial anal-
ysis among the ETa datasets performed in this paper.
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