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Abstract In different studies, land surface temperature (LST) observations have been assimilated into the
variational data assimilation (VDA) approaches to estimate turbulent heat fluxes. The VDA methods yield
accurate turbulent heat fluxes, but they need an adjoint model, which is difficult to derive and code. They also
cannot directly calculate the uncertainty of their estimates. To overcome the abovementioned drawbacks,
this study assimilates LST data from Geostationary Operational Environmental Satellite into the ensemble
Kalman smoother (EnKS) data assimilation system to estimate turbulent heat fluxes. EnKS does not need to
derive the adjoint term and directly generates statistical information on the accuracy of its predictions. It uses
the heat diffusion equation to simulate LST. EnKS with the state augmentation approach finds the optimal
values for the unknown parameters (i.e., evaporative fraction and neutral bulk heat transfer coefficient, CHN)
by minimizing the misfit between LST observations from Geostationary Operational Environmental Satellite
and LST estimations from the heat diffusion equation. The augmented EnKS scheme is tested over six
Ameriflux sites with a wide range of hydrological and vegetative conditions. The results show that EnKS can
predict not only the model parameters and turbulent heat fluxes but also their uncertainties over a variety of
land surface conditions. Compared to the variational method, EnKS yields suboptimal turbulent heat
fluxes. However, suboptimality of EnKS is small, and its results are comparable to those of the VDA method.
Overall, EnKS is a feasible and reliable method for estimation of turbulent heat fluxes.

1. Introduction

Turbulent heat fluxes (sensible and latent heat fluxes) represent the magnitude of energy and water vapor
transferred into atmosphere from land surface. Accurate estimation of turbulent heat fluxes is required for
studying global climate change. It also has practical applications in many fields such as agricultural water
management and planning and water use efficiency assessment. Flux tower networks (e.g., FluxNet,
AmeriFlux, BEAREX08, and HiWATER) have been established to measure turbulent heat fluxes over different
hydrologic and vegetative conditions (Baldocchi et al., 2001; Evett et al., 2011; Li et al., 2013). However, these
networks can only measure turbulent heat fluxes at the point-scale over limited time periods due to their
high cost. Therefore, several types of models have been developed to estimate turbulent heat fluxes using
remote sensing data products (Fisher et al., 2017; Wang & Dickinson, 2012; Yao et al., 2015).

In general, four main groups of methods have been developed to estimate turbulent heat fluxes. In the first
group (or the so-called triangle methods), latent heat flux can be estimated by using the empirical relationships
between a vegetation index (e.g., normalized difference vegetation index and leaf area index, LAI) and land sur-
face temperature (LST) observations (Carlson, 2007; Jiang & Islam, 2003; Moran et al., 1994; Sun et al., 2013; Tang
et al., 2010; Yao et al., 2013). The triangle methods are easy to apply, but they are empirical and site-dependent.

In the second group, turbulent heat fluxes are estimated diagnostically by feeding the instantaneous LST
observations into the surface energy balance (SEB) equation (Anderson et al., 1997; Bastiaanssen, Menenti
et al., 1998; Bastiaanssen, Pelgrum et al., 1998; Jia et al., 2009; Kustas et al., 2012; Liu et al., 2007; Ma et al.,
2015; Norman et al., 1995; Song et al., 2016; Su, 2002). These methods estimate ground heat flux as an empiri-
cal fraction of net radiation. The sensible heat flux is calculated diagnostically using LST observations. Finally,
latent heat flux is obtained as the residual of the SEB equation.
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In the third group, turbulent heat fluxes are estimated by the land data assimilation system. Land data assim-
ilation system incorporates hydrological data into a land surface model (e.g., common land model, Noah)
within an ensemble Kalman filter data assimilation method (Xia, Mitchell, Ek, Cosgrove, et al., 2012; Xia,
Mitchell, Ek, Sheffield, et al., 2012; Xu, Liang, & Liu, 2011; Xu, Liu, et al., 2011; Xu, Liu, et al., 2015). These
methods estimate SEB components through assimilation of multisource observations (LST, soil water content
[SWC], and vegetation index) into relatively complex land surface models.

The fourth group of methods estimate turbulent heat fluxes by assimilating LST observations into the SEB
model using variational data assimilation (VDA) techniques (Abdolghafoorian et al., 2017; Bateni et al.,
2014; Bateni & Entekhabi, 2012a; Bateni, Entekhabi, & Castelli, 2013; Bateni, Entekhabi, & Jeng, 2013;
Bateni & Liang, 2012; Boni et al., 2001; Caparrini et al., 2003, 2004a, 2004b; Castelli et al., 1999; Crow &
Kustas, 2005; Qin et al., 2007; Sini et al., 2008; Xu et al., 2014, 2016; Xu, Bateni, et al., 2015). This group of
methods utilize the force-restore or heat diffusion equation to estimate LST. The key unknown parameters
of the VDA model (i.e., neutral bulk heat transfer coefficient, CHN, and evaporative fraction, EF) are found by
minimizing the difference between LST measurements and estimations from the force-restore/heat diffu-
sion equation. Crow and Kustas (2005) and Xu et al. (2014) showed that the VDA schemes could accurately
predict turbulent heat fluxes over sparsely vegetated and/or relatively dry sites. The VDA methods suffer
from several disadvantages. First, the VDA methods need the forward model to be differentiable and
require an adjoint term, which is hard to derive and code (Dunne & Entekhabi, 2005). Second, the VDA
approach cannot directly compute the uncertainty of its estimates and has to calculate the Hessian matrix,
which is burdensome. Finally, it is computationally expensive to calculate the background error covariance
in the VDA schemes.

Ensemble-based data assimilation approaches overcome the shortcomings of VDA techniques. The ensem-
ble Kalman filter and ensemble Kalman smoother (EnKS) are the most common ensemble-based data assim-
ilation approaches, which are used widely in hydrology studies (Bateni & Entekhabi, 2012b; Dunne &
Entekhabi, 2006; Lei et al., 2014; Reichle et al., 2008; Xu, Liang, et al., 2011; Xu, Liu, et al., 2011; Xu, Liu, et
al., 2015). These methods have a number of advantages compared to the VDA approaches: (1) they are easy
to implement and do not need to develop the adjoint model, (2) they are robust even if the model is highly
nonlinear, (3) they can directly provide uncertainties of model estimates without additional computational
cost, and (4) they are able to account for a wide range of possible model errors.

Bateni and Entekhabi (2012b) assimilated in situ LST observations into the EnKS system to estimate turbulent
heat fluxes. They tested the EnKS approach only over the First International Field Experiment site (a humid
site with grassland vegetation cover) and showed that its performance is promising. In this study, perfor-
mance of the EnKS approach of Bateni and Entekhabi (2012b) is tested at six Ameriflux sites. These sites
are chosen such that they sample different climatic and vegetative conditions to evaluate the performance
of the EnKS scheme in various hydrological environments. Remotely sensed LST data from Geostationary
Operational Environmental Satellite (GOES) are assimilated in the EnKS scheme. GOES can accurately charac-
terize the diurnal cycle of LST by providing LST data every 30 min and thus can significantly advance the
robustness of the EnKS framework. Also, the ensemble open loop (EnOL) in which a set of ensemble realiza-
tions is propagated forward without assimilation of any LST observations is run in this study. By comparing
performances of EnKS and EnOL models, the evolution of ensemble members can be examined with and
without assimilation of LST observations. Finally, the results from the EnKS model are compared with those
of the VDA model.

2. System Model

The turbulent heat fluxes (sensible and latent heat fluxes) can be estimated via the SEB equation:

Rn ¼ Hþ LE þ G (1)

where Rn is net radiation, H and LE represent sensible and latent heat fluxes, and G is ground heat flux. Rn is
given by

Rn ¼ 1� αð ÞR↓s þ R↓l � R↑l (2)
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where α is the surface albedo, R↓s and R↓l are downward shortwave and longwave radiation, and R↑l is upward
longwave radiation.

Sensible heat flux can be represented in terms of the gradient in temperature between the land surface (T)
and the air above it:

H ¼ ρcPCHU T � Tað Þ (3)

where ρ is the air density (kg m�3), cp is the heat capacity of air (1,012 J kg�1 K�1), U and Ta are respec-
tively the wind speed (m s�1) and air temperature (K) at a reference height, and CH is the bulk heat trans-
fer coefficient (�). The bulk heat transfer coefficient (CH) can be written as the product of the neutral bulk
heat transfer coefficient (CHN) and a correction function for atmospheric stability, f(Ri) (i.e., CH = CHN f(Ri),
where Ri is the Richardson number).

CHN is mainly a function of vegetation phenology and is assumed to vary on a monthly temporal scale
(Caparrini et al., 2004a, 2004b; Crow & Kustas, 2005). It scales the sum of turbulent heat fluxes (H + LE) and
constitutes the first unknown parameter of the data assimilation model. Following Crow and Kustas (2005),
Sini et al. (2008), Bateni and Liang (2012), Bateni and Entekhabi (2012b), and Bateni et al. (2014), the atmo-
spheric correction function [f(Ri) = 1 + 2 (1 � e10Ri)] proposed by Caparrini et al. (2003) is used herein.

The second unknown of the data assimilation scheme is EF, which scales partitioning between the turbulent
heat fluxes and is given by

EF ¼ LE= Hþ LEð Þ (4)

Gentine et al. (2007) indicated that EF changes from day to day, but it is almost constant for near-peak radia-
tion hours on days without precipitation.

3. Methodology

The state-augmented data assimilation scheme requires a forward model. In this study, the heat diffusion
equation is used as the forward model to estimate LST (section 3.1). Thereafter, the EnKS algorithm is utilized
to update the augmented state (i.e., LST and EF) by assimilating GOES LST observations (section 3.2).

3.1. Heat Diffusion Equation

The heat diffusion equation is used to simulate ground temperature at depth z and time t, T(z,t), and is
given by

C
∂T z; tð Þ

∂t
¼ P

∂T2 z; tð Þ
∂z2

(5)

where C and P are respectively the soil volumetric heat capacity (J m�3 K�1) and thermal conductivity
(W m�1 K�1). In this study, T(t) represents ground temperature at depth z = 0 m and time t.

In equation (5), the boundary conditions at the top and bottom of the soil column are required to solve the
heat diffusion equation. The boundary condition at the top of the soil column, T (z = 0, t), is obtained via the
surface boundary forcing equation PdT(z = 0, t)/dz = �G(t) (Bateni, Entekhabi, & Jeng, 2013). According to Hu
and Islam (1995), the soil temperature at the depth of 0.3–0.5 m is almost constant. Thus, at the bottom of the
soil column, a Neumann boundary condition is employed,

dT z ¼ 0:5 m; tð Þ=dz ¼ 0 (6)

The heat diffusion equation is solved using an implicit finite difference scheme. The detailed information on
discretization of the heat diffusion equation and its numerical implementation can be found in Bateni,
Entekhabi, and Jeng (2013).
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3.2. State-Augmented Ensemble Kalman Smoother

The state-augmented data assimilation method is used to update the model state and parameters simulta-
neously (Fertig et al., 2009). In this study, the model state is LST and the unknown model parameters are
CHN and EF. Following Bateni and Entekhabi (2012b), LST is augmented with EF. In each monthly period,
the state-augmented EnKS model is run for a number of reasonable CHN values to estimate LST and EF. In this
study, CHN is varied from 0.001 to 0.15 by increment of 0.001. The CHN value for which the misfit between the
observed and estimated LST is minimized is chosen as the optimum value.

The propagation of LST ensemble members can be described as

T f
i;tþ1 ¼ M T f

i;t; αtþ1; βtþ1

� �
þ ωi (7)

where T f
i;tþ1 is forecasted LST for the ith ensemble member at time t + 1. The α and β represent respectively

the model parameters (herein C and P) and forcing (herein wind speed, air temperature/humidity, air
pressure, and solar radiation). The ω denotes the model error accounting for uncertainties in forcing data
and model parameters. M(·) represents the model operator (herein M(·) is the heat diffusion equation;
equation (5)).

The propagation of EF ensemble members can be explained by

EF f
i;tþ1 ¼ EF f

i;t þ ω
0
i (8)

where EF f
i;tþ1 is forecasted EF for the ith ensemble member at time t + 1 and ω0 describes the EF uncertainty.

An ensemble of Ne model errors are added into model parameters and forcing to generate an ensemble of
parameters and forcing inputs. According to Bateni and Entekhabi (2012b), normally distributed errors with
mean of zero and standard deviation (SD) of 2 K, 0.1 m2 s�1, 1 K, 0.1 m s�1, 30 Wm�2, 30 Wm�2, 3 K, and 0.05
are added to initial soil temperature in the soil column, heat diffusion coefficient (D = P/C), air temperature,
wind speed, incoming shortwave and longwave radiations, LST, and EF.

Within the state-augmented EnKS framework, the state-augmented vector (X) is defined as [T, EF]T (i.e.,
X = [T, EF]T). When the GOES LST is available, the LST observations (Tobs) are related to model state vec-
tor (X) by

Tobsi;t ¼ H · X f
i;t þ vi (9)

where H = [1, 0] herein. The v describes errors in GOES LST measurements, and its value is given in section 4.
GOES LST observations are used to update the augmented model state, X = [T, EF]T via,

Xa
i;t0 ¼ X f

i;t0 þ K Tobsi;t � T f
i;t

� �
(10)

K ¼ P fHT HP fHT þ R
� ��1

(11)

P fHT ¼ 1
Ne � 1

XNe

i¼1
X f
i;t0 � X

f
t0

h i
H · X f

i;t � X
f
t

� �h iT
(12)

HPfHT ¼ 1
Ne � 1

XNe

i¼1
H · X f

i;t � X
f
t

� �h i
H · X f

i;t � X
f
t

� �h iT
(13)

where Xa
i;t0 and X f

i;t0 represent the analyzed and forecasted state vector of the ith ensemble member at pre-
vious time t0. EnKS uses the LST information not only at the current update time (t) but also use at previous
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time (t0). Thus, EnKS can make full use of LST information within the data assimilation window to update the
model state vector. K is the Kalman gain matrix, Pf is the forecasted background error covariance matrix, HT is
the transposed matrix of observation operator, Ne is the number of ensembles, and X

f
t denotes the mean

value of forecasted state variables at time t.

With the state-augmented EnKS algorithm, the model parameters (CHN and EF) are optimized by minimizing
the difference between GOES LST andmodel forecasted LST. The EnKSmethod requires a large enough num-
ber of ensembles to get the optimal model parameters. Following Xu, Liang, et al. (2011) and Bateni and
Entekhabi (2012b), Ne is set to 100 as it was shown to be sufficiently large to generate accurate turbulent
heat fluxes.

4. Data

The state augmented EnKS data assimilation scheme is tested extensively over six sites in the United
States during the vegetation growing season in 2006 (days of year [DOYs] 151–240). The meteorology
and turbulent heat flux data of the six experiment sites are collected from Ameriflux network (http://pub-
lic.ornl.gov/ameriflux). The soil and vegetative characteristics as well as locations of these sites are sum-
marized in Table 1.

These sites have three types of vegetation covers: grassland, cropland, and forest. The vegetation condition
(averaged over the modeling period, DOYs 151–240) varies from sparse (LAI = 1.6) to dense (LAI = 5.4). The
sites range from relatively dry (SWC = 0.19) to wet (SWC = 0.43). The soil volumetric heat capacity (C) and ther-
mal conductivity (P) vary from 2.24 × 106 to 3.20 × 106 J m�3 K�1 and from 0.55 to 0.99 J m�1 K�1 S�1, respec-
tively. The contrasting vegetative and hydrological conditions of the six experimental sites allow us to assess
the robustness of the EnKS model under different environmental conditions.

Table 1
Summary of the Land Surface Characteristics of Six Experimental Sites

Site Location Land cover LAI SWC Sand Clay C P

Brookings 44.34 N, 96.83 W Grassland 1.6 0.43 36 23 3.20 × 106 0.99
Goodwin 34.25 N, 89.97 W Grassland 1.8 0.31 53 25 2.72 × 106 0.77
Bondville 40.01 N, 88.29 W Cropland 2.7 0.32 35 24 2.76 × 106 0.61
Mead 41.16 N, 96.47 W Cropland 1.8 0.25 35 24 2.48 × 106 0.55
Chestnut 35.93 N, 84.33 W Forest 5.4 0.19 49 24 2.24 × 106 0.59
Missouri 38.74 N, 92.20 W Forest 5.4 0.30 47 21 2.68 × 106 0.81

Note. LAI means leaf area index (m2 m�2), SWC means soil water content (m3 m�3), sand and clay represent soil sand
and clay contents (%), C means soil volumetric heat capacity (J m�3 K�1), and P means soil thermal conductivity
(J m�1 K�1 s�1).

Table 2
Neutral Bulk Heat Transfer Coefficient (CHN) Estimates From the EnKS and VDA Models

Day of year Brookings Goodwin Bondville Mead Chestnut Missouri

EnKS 151–180 1.2 × 10�2 1.1 × 10�2 0.7 × 10�2 1.6 × 10�2 10.0 × 10�2 5.1 × 10�2

181–210 1.2 × 10�2 1.6 × 10�2 1.9 × 10�2 1.9 × 10�2 11.0 × 10�2 8.7 × 10�2

211–240 1.6 × 10�2 1.5 × 10�2 1.3 × 10�2 2.2 × 10�2 8.8 × 10�2 11.2 × 10�2

VDA 151–180 1.0 × 10�2 1.1 × 10�2 0.6 × 10�2 1.7 × 10�2 8.7 × 10�2 5.7 × 10�2

181–210 1.0 × 10�2 1.5 × 10�2 1.3 × 10�2 1.9 × 10�2 10.0 × 10�2 8.7 × 10�2

211–240 1.4 × 10�2 1.5 × 10�2 1.1 × 10�2 2.1 × 10�2 8.9 × 10�2 10.9 × 10�2

LAI 151–180 1.2 1.7 1.5 1.4 5.0 5.3
181–210 1.7 2.0 4.0 2.0 5.8 5.6
211–240 2.0 1.6 2.5 2.0 5.4 5.4

Note. LAI represent leaf area index; the results of EnKS and VDA are from this study and Xu et al. (2014), respectively.
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Half-hourly micrometeorological data such as wind speed, air temperature and humidity, atmospheric
pressure, solar radiation, and incoming longwave radiation were measured at the six experimental sites.
The half-hourly sensible and latent heat fluxes were also collected at the sites. LAI data are obtained from
the Global Land Surface Satellites LAI product (Liang et al., 2013; Xiao et al., 2014) (http://glass-product.
bnu.edu.cn/).

LST data from GOES-12 are assimilated into the EnKS scheme. The GOES-12 LST data have a nominal spatial
resolution of 4 km × 4 km at nadir and a revisit frequency of 30 min. The high revisit frequency of GOES LST
data allows us to build the diurnal cycle of LST, which significantly advances the viability of EnKS scheme.
Following Xu et al. (2014), the root-mean-square error (RMSE) of GOES LST data are 3.4, 3.9, and 3.0 K for grass-
land, cropland, and forest, respectively. These RMSEs are used as the observation errors (v) in the EnKS
scheme (equation (9)).

Figure 1. Time series of evaporative fraction (EF) estimates from the ensemble Kalman smoother (red solid lines) and
ensemble open loop schemes (black dashed lines), as well as observations (open circles) for six sites in 2006. The pink
or gray bands mean the EF plus and minus one standard deviation.
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Following de Vries (1963) and Farouki (1981), the soil volumetric heat capacity (C) and thermal conductivity
(P) can be computed from the soil texture and SWC data. The soil texture is obtained from the Harmonized
World Soil Database. SWC is measured at each site.

5. Results and Discussions

As mentioned in section 2, CHN is one of the key unknown parameters of the EnKS model and scales the sum
of turbulent heat fluxes. CHN varies with vegetation phenology and is obtained on a monthly time-scale. To

Figure 2. Time series of land surface temperature (LST) estimates and their standard deviation (LST SD) from the ensemble
Kalman smoother (solid lines) and ensemble open loop (dashed lines) schemes as well as LST observations (open circles)
for the six sites.
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find the optimal value of CHN, the EnKS model is run several times with different reasonable CHN values. The
optimal CHN value will be the one, which leads to the minimum misfit between GOES LST observations and
model LST estimates.

The estimated CHN values from the EnKS model for the six sites are shown in Table 2. For comparison, CHN
estimates from the VDA model of Xu et al. (2014) are also included in this table. As shown, the CHN estimates
from EnKS are comparable with those from VDA. LAI values at the six sites over different periods are shown in
Table 2. Remarkably, the variations in CHN estimates from EnKS are consistent with those of LAI although no
information on vegetation density is used in the model. For example, at the Bondville site, the CHN estimates
become larger with vegetation growth from spring to summer. EnKS also generates higher CHN values at sites
with larger LAI (e.g., Chestnut and Missouri sites).

EF is the other unknown parameter of the SEB equation that needs to be estimated via the EnKS model. Time
series of EF estimates from the EnKS and EnOLmodels as well as in situ observations are shown in Figure 1. As

Figure 3. Time series of sensible heat flux (H) estimates from the ensemble Kalman smoother (red solid lines) and ensem-
ble open loop (black dashed lines) schemes) as well as observed values (open circles) for six sites. The pink or gray
bands mean the H plus and minus one standard deviation.
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illustrated, the EnKS model can capture the rising and falling trends of EF in the six sites. The estimated EF
values from EnKS increase with precipitation. For example, the increase of EF occurs during land surface wet-
ting at Brookings (DOY 225), Bondville (DOY 170), and Missouri (DOY 219) sites. The decrease of EF happens
during drydown at Brookings (DOYs 178–190), Goodwin (DOYs 202–220), and Missouri (DOYs 200–215) sites.
Generally, EF oscillations from the EnKS model are consistent with land surface wetting and drying events.
Thus, the EnKS model can predict the EF values accurately without using SWC or precipitation. Unlike
EnKS, the EnOL model EF estimates remain close to the initial value (herein 0.7) and cannot be updated with-
out assimilation of GOES LST data. Specifically, the EnOL model performs poorly when the initial EF values are
far away from the true values (e.g., the in situ observations).

Unlike the VDA model that generates a single deterministic solution, the predictions from EnKS are repre-
sented by a set of ensembles. The statistical information of estimates (e.g., uncertainty of solutions) can be
obtained from these ensembles. Generally, the standard deviation of replicates reflects their uncertainty.
The standard deviations of EF estimates from EnKS and EnOL are shown by pink and gray bands, respectively,
in Figure 1. As indicated, the standard deviations of estimated EF values from EnKS are usually lower than
those from EnOL. Compared to the EnOL model, uncertainties of EF estimates are reduced by utilizing
sequences of GOES LST observations in the EnKS approach. The uncertainty of EF values from EnKS typically
decreases during the drydown events (e.g., DOYs 178–190 at Brookings site, DOYs 202–220 at Goodwin site,
and DOYs 200–215 at Missouri site). Over the dry periods, the partitioning of the available energy between
the turbulent heat fluxes is mainly controlled by land surface processes (Bateni, Entekhabi, & Castelli, 2013;
Bateni et al., 2014). Thus, in dry conditions, sequences of LST observations play a key role in EF retrieval
and the uncertainty of EnKS EF estimates is low. In contrast, in wet sites (e.g., Chestnut), the uncertainty of
EF estimates from EnKS is high because the surface energy partitioning is mainly influenced by atmospheric
processes. The standard deviation of predicted EF values decreases when land surface is very wet (i.e., EF is
close to unity) (e.g., DOYs 171–230 at Mead site). For very wet conditions, most of EF ensembles approach
the upper bound of 0.99, leading to a reduction in the standard deviation of EF.

Figure 2 shows predicted LST values from EnKS and EnOL schemes as well as LST observations (left column).
The uncertainty of LST estimates (LST SD) is shown in right column of Figure 2. As shown, the predicted LSTs
from EnKS are closer to observations compared to those of EnOL. This occurs because the EnKS scheme
moves the LST ensemble members toward the “true value” in each update step by assimilating LST observa-
tions. The decrease in misfit between LST observations and estimates indicates that the EnKS can success-
fully constrain the two key unknown model parameters (CHN and EF). In addition, uncertainty of LST
prediction from EnKS is reduced compared to that of EnOL (i.e., LST SD from EnKS is lower than that
from EnOL).

The coupling between EF and LST can be found in Figures 1 and 2. The increase in LST (Figure 2) corresponds
to the decrease in EF (Figure 1) and reflects dry down (e.g., DOYs 178–190 at Brookings site, DOYs 202–220 at
Goodwin site, and DOYs 200–215 at Missouri site). The low standard deviation of LST is in accordance with the
high LST over these dry periods. As illustrated by Shokri et al. (2008) and Shokri et al. (2009), the drying rate of
land surface is controlled by both land surface properties and atmosphere factors. Over extended dry
down periods, EF is relatively low and evaporative demand is mainly controlled by land surface properties
(e.g., vegetation phenology, soil water availability, and LST). Thus, the coupling between EF and LST is
strong, and the uncertainties of LST predictions are reduced during the dry down period. On the other hand,
during wetting periods (e.g., DOYs 160–163 at Brookings, DOYs 153–163 at Goodwin, and DOYs 191–195 at
Missouri sites), the SWC is high and evaporative demand is mainly controlled by atmosphere conditions
(e.g., solar radiation and air temperature). Thus, the coupling between EF and LST is weak, and uncertainties
of LST increase.

The time series of daytime-averaged (0900–1600 LT) sensible and latent heat fluxes from the EnKS (red solid
lines) and EnOL (black dashed lines) models are compared with in situ observations (open circles) in Figures 3
and 4, respectively. The pink and gray bands represent the uncertainty of turbulent heat flux estimates from
the EnKS and EnOL models, respectively. The upper and lower bounds of the pink and gray bands are gen-
erated by plus or minus one standard deviation of H or LE around the ensemblemean. The estimated sensible
and latent heat fluxes from the EnKS model agree well with observations, implying that the EnKS model can
accurately predict the turbulent heat fluxes in different hydrological and vegetative conditions. In contrast,
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the EnOL model is not able to capture the variations of sensible and latent heat fluxes, and the predicted
values diverge considerably from observations.

According to equation (3), the uncertainty of sensible heat flux is mainly dependent on the standard
deviation of LST. A large standard deviation in LST (Figure 2) leads to a high uncertainty in sensible heat
flux (Figure 3) (e.g., DOYs 169–178 at Brookings, DOYs 195–201 at Chestnut, and DOYs 195–203 at Missouri
sites). In this study, latent heat flux can be estimated by rewriting equation (4) as LE = H × EF/(1 � EF).
Thus, uncertainty of latent heat flux depends on uncertainties in EF and sensible heat flux (or LST, as
the uncertainty of sensible heat flux depends on LST SD). As shown in Figure 4, the uncertainty of latent
heat flux varies with the uncertainties of EF (Figure 1) and LST (Figure 2). For example, during the dry
down periods (e.g., DOYs 178–190 at Brookings site, DOYs 202–220 at Goodwin site, and DOYs 200–215
at Missouri site), the decrease of uncertainties in EF (Figure 1) and LST (Figure 2) leads to the decrease
of uncertainty in latent heat flux (Figure 4).

Figure 4. Time series of latent heat flux (LE) estimates from the ensemble Kalman smoother (red solid lines) and ensemble
open loop (black dashed lines) schemes) as well as observed values (open circles) for six sites. The pink or gray bands
mean the LE plus and minus one standard deviation.
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Figure 5. Half-hourly modeled (ensemble open loop and ensemble Kalman smoother) versus measured sensible and latent heat fluxes (H and LE) in the six sites for
days of year 151–240 in 2006.
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Figure 5 compares half-hourly sensible and latent heat fluxes from the EnKS and EnOL models with in situ
observations at the six sites. As shown, H and LE estimates from the EnKS model mainly fall around the 1:1
line, implying that the sensible and latent heat fluxes from EnKS agree well with in situ observations over
the six sites. In contrast, the estimates from EnOL are far away from the 1:1 line, denoting that the EnOLmodel
cannot capture the trend of sensible and latent heat fluxes. The outperformance of EnKS compared to EnOL
indicates that the EnKS model can effectively exploit the implicit information contained in sequences of LST
observations to partition the available energy between sensible and latent heat fluxes. The EnKSmodel tends
to overestimate LE over the Goodwin and Chestnut sites and underestimate LE over Brookings site. This can
be attributed to the physical assumptions (constant soil volumetric heat capacity and thermal conductivity,
constant daily EF, constant monthly CHN, etc.) and errors in forcing variables.

RMSEs of half-hourly and daytime-average (0900–1600 LT) sensible and latent heat flux estimates from EnOL,
EnKS, and VDA are summarized in Tables 3 and 4, respectively. As shown, the RMSEs of H and LE estimates
from EnKS are smaller than those from EnOL. The six-site mean RMSE of half-hourly (daytime-average) sen-
sible heat flux estimates from EnOL and EnKS are respectively 94.8 and 56.2 W m�2 (96.9 and 40.4 W m�2).
For half-hourly (daytime-average) latent heat flux, the corresponding RMSEs are 140.2 and 118.1 W m�2

(130.3 and 87.3 W m�2). On average, RMSEs of half-hourly (daytime-average) H and LE estimates from
EnKS are 40.7% and 15.7% (58.3% and 33.0%) less than those from EnOL. Tables 3 and 4 also compare per-
formance of EnKS with the VDA model of Xu et al. (2014) in the six sites. The VDA model outperforms EnKS
in predicting LE in all the sites. For sensible heat flux, the VDA model performs better than EnKS over
Goodwin, Chestnut, and Missouri sites. The results show that, in general, EnKS performs suboptimal com-
pared to VDA because (1) EnKS can converge to a solution when the ensemble size is large enough as it is
based on the likelihood theory, while the performance of VDA model is not affected by the sampling errors
of ensembles, and (2) the accuracy of EnKS estimates depends on the model and observation errors.
However, the accurate determination of these errors is hard.

These results indicate that EnKS can be used in operational applications. Its performance is comparable to the
VDAmodel. EnKS can also handle a variety of model and observation errors, and therefore is more suitable to
assimilate multisource remote sensing data. Moreover, EnKS gives not only the ensemble mean of the model
states but also uncertainties of model predictions that allow to access its performance in various conditions.

Table 3
RMSEs of Half-Hourly Sensible and Latent Heat Flux Estimates From the EnOL, EnKS, and VDA Models

Brookings Goodwin Bondville Mead Chestnut Missouri

Sensible heat flux (W m�2) EnOL 96.9 69.0 97.9 125.9 63.9 115.4
EnKS 46.8 56.8 37.7 44.6 63.2 88.2
VDA 56.9 49.6 38.1 64.1 62.7 87.0

Latent heat flux (W m�2) EnOL 186.5 125.7 154.7 125.9 122.8 125.4
EnKS 149.5 116.9 94.5 117.4 117.2 112.9
VDA 144.8 103.7 91.5 97.3 116.9 112.2

Note. Abbreviations: EnKS, ensemble Kalman smoother; EnOL, ensemble open loop; VDA, variational data assimilation.

Table 4
RMSEs of Daytime-Averaged (0900–1600 LT) Sensible and Latent Heat Flux Estimates From the EnOL, EnKS, and VDA Models

Brookings Goodwin Bondville Mead Chestnut Missouri

Sensible heat flux (W m�2) EnOL 85.5 118.1 115.3 130.9 37.8 93.9
EnKS 31.7 44.0 26.7 45.3 37.9 56.7
VDA 43.4 34.9 27.4 51.9 38.1 56.2

Latent heat flux (W m�2) EnOL 173.6 110.9 143.1 194.8 76.8 82.6
EnKS 127.1 85.4 73.7 83.2 87.1 67.1
VDA 92.8 76.2 65.0 64.5 79.4 45.7

Note. Abbreviations: EnKS, ensemble Kalman smoother; EnOL, ensemble open loop; VDA, variational data assimilation.
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6. Conclusion

Remotely sensed LST data from GOES are assimilated into an EnKS approach to estimate turbulent heat
fluxes. In the EnKS framework, the heat diffusion equation is used to simulate LST. The unknown parameters
of the EnKS scheme, namely, neutral bulk heat transfer coefficient (CHN) and EF, are founded by minimizing
the difference between LST observations and estimations from the heat diffusion equation. LST observations
are used to update the model state (i.e., LST) and unknown parameters (i.e., CHN and EF).

The model ensembles are generated by adding a set of model and observation errors to model states and
unknown parameters. To estimate the two unknown parameters, the state vector (LST) is augmented by
EF, and the augmented EnKS framework is run for a number of reasonable CHN values to predict LST and
EF simultaneously. Finally, the CHN value that leads to a minimum misfit between LST estimations and obser-
vations and its corresponding EF values are selected as the optimum model parameters.

The EnKS scheme is tested over six Ameriflux sites with a wide range of hydrological and vegetative condi-
tions. CHN estimates from EnKS have the same order of magnitude compared to those of VDA. Also, changes
in CHN estimates are consistent with variations in vegetation phenology in each site, and the site with higher
LAI corresponds to larger CHN. EF estimates from the EnKS model agree well with day-to-day dynamics of in
situ observations without using any SWC and precipitation data.

The EnKS model can also generate the uncertainties of its estimates. Compared to EnOL, the uncertainties of
EF and LST estimates from EnKS are significantly decreased via assimilation of LST observations. Uncertainties
of estimated EF values decrease (increase) during the dry down (wetting) periods. Under these conditions,
evaporative demand is mainly controlled by land surface properties (e.g., vegetation phenology, SWC, and
LST). Thus, the coupling between LST and EF become vigorous, and the uncertainties of EF predictions is
reduced during the drydown periods. In contrast, over wetting periods, evaporative demand is mainly con-
trolled by atmosphere conditions (e.g., solar radiation and air temperature). Thus, the coupling between
LST and EF becomes weak, and the uncertainties of EF are relatively high.

The predicted turbulent heat fluxes by the EnKS model agree well with in situ observations over the six
experimental sites. The six-site mean RMSEs of half-hourly (daytime-average) sensible heat flux estimates
from EnOL and EnKS are respectively 94.8 and 56.2 W m�2 (96.9 and 40.4 W m�2). For half-hourly
(daytime-average) latent heat flux, the corresponding RMSEs are 140.2 and 118.1 W m�2 (130.3 and
87.3 W m�2). RMSEs of half-hourly (daytime-average) H and LE estimates from EnKS have reduced by
40.7% and 15.7% (58.3% and 33.0%) compared to those from EnOL. These outcomes indicate that
EnKS can decrease the errors associated with the EnOL estimates by assimilating sequences of GOES
LST observations.

The EnKS model performs slightly suboptimal compared to the VDA approach. However, the EnKS has its
own advantages: (1) it is easy to apply, (2) it can handle a variety of model and observation errors, (3) it
does not need to generate the model adjoint, and (4) it can directly estimate the model estimates and
their uncertainties.
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