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Abstract. Evapotranspiration (ET), the sum of water lost to the atmosphere from the soil surface through 
evaporation and from plant tissues via transpiration, is a vital component of the water cycle. Accurate 
measurements of ET are required for the global water and energy cycles. However, ET varies in time and 
space and is difficult to estimate as it depends on many interacting processes. At the local scale, ET may be 
accurately estimated from detailed ground observations. At the regional scale sufficient ground observations 
will never be available and instead spatially. Remote sensing data provide us with spatially continuous 
information over vegetated surfaces, which supply the frequent lack of ground-measured variables and 
parameters required to apply the local models at a regional scale. Optical remote sensing data are strongly 
affected by atmospheric condition, so the uncertainty also exists in the estimation of ET with remote sensing. 
In this work, we develop a data assimilation scheme to improve the estimation of ET. The common land 
model (CoLM) is adopted as model operator to simulate the temporal variation of ET. Ensemble Kalman 
filter algorithm is chosen as data assimilation algorithm. The scheme can dynamically assimilate MODIS 
land products such as land surface temperature (LST) and leaf area index (LAI). The scheme is tested by 
automatic weather station (AWS) and flux tower data obtained from Xiaotangshan station in China. The 
results indicate that assimilating MODIS land products can improve the estimation of ET. 
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1. Introduction 
Evapotranspiration (ET), the sum of water lost to the atmosphere from the soil surface through evaporation 
and from plant tissues via transpiration. ET is a vital component of the water cycle, and about percent 64 of 
the precipitation on the continents returns to atmosphere via ET at a global scale. Of this, about 97% is 
evapotranspired from land surface and 3% is open-water evaporation (Rivas & Caselles, 2003). Additionally, 
Evaporation and transpiration are primary elements of land surface energy balance. In the study of global 
climate change, the importance of ET has been paid much attention (Sellers et al., 1996a, 1996b). ET is not 
only the important component in land surface model but also the lower boundary condition of global cycle 
model, which is vital to improve weather forecast (Avissar, 1998). So detailed knowledge of land surface 
fluxes, especially latent and sensible components, is important for monitoring the climate of land surface, for 
evaluating parameterization schemes in weather and climate models used to predict fluxes exchanges 
between the surface and the lower atmosphere, and for agricultural applications such as irrigation scheduling. 
The main methods traditionally used to measure ET are available at the field scale such as Bowen ratio, eddy 
correlation system, aerodynamics, but do not allow estimating the fluxes when dealing with large spatial 
scales (Courault et al, 2005). However, in regional studies, it is very important to find out the regional 
variations of the ET. At present, the efforts are centered on extending these local measurements to regional 
scale. Satellite remote sensing (RS) is an attractive tool for obtaining land surface information related to the 
energy and water balance such as albedo, land surface temperature (LST), leaf area index (LAI), and surface 
soil moisture. Therefore, remote sensing information allows us to estimate ET based on the physical 
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principles of energy conservation and turbulent transport in regional scale. Some remote sensing algorithms 
for ET estimation have been developed and applied widely such as SEBAL (Surface Energy Balance 
Algorithm for Land) (Bastiaanssen et al, 1998) and SEBS (Surface Energy Balance System) (Su et al, 2001). 
Although the continuous feature of land surface parameters can be obtained via remote sensing data, the 
estimation accuracy of ET with remote sensing data is still limited because of the following reasons. (1)  The 
remote sensing data from optical and thermal sensors are easy to be contaminated by vapor and cloud, which 
will further to influence the retrieval accuracy of land surface parameters such albedo, LAI, and LST. (2) 
The observation of remote sensing is instantaneous, so we can only obtain ET via remote sensing data at 
satellite overpass time. For hydrological and ecological application, we usually need know the accumulation 
ET in one day or more long time. So we have to adopt empirical method to realize the temporal scale 
extension of ET, which will cause much more uncertainty in ET estimation. 

Additionally, we also can use land process model to estimate ET such as BATS (Biosphere-
AtmosphereTransfer Scheme) (Dickinson et al., 1993), LSM (Land Surface Model, LSM) (Bonan, 1996), 
SiB2 (Sellers et al., 1996b), and CoLM (Common Land Model) (Dai et al., 2001, 2003). These models can 
describe the dynamic evolution of land surface variables and fluxes such as soil moisture, soil temperature, 
sensible heat flux, and latent heat flux. However, because of the uncertainty of model structure, model 
parameters and forcing data, large errors also exist in the simulation results. Therefore, it is necessary to 
combine remote sensing data with model simulation to improve ET estimation. This method is usually called 
as data assimilation, which has been successfully applied in studies of soil moisture and temperature (Houser 
et al, 1998; Lakshmi & Venkataraman. 2000; Reichle et al, 2002; Sun et al, 2004; Huang et al, 2008a, 2008b). 
Recently, it has been paid much attention on the study of assimilating remote sensing data to improve land 
surface flux. Only a limited study appeared in literatures (Boni et al, 2001; Caparrini et al, 2004; Qin et al, 
2007). 

In this study, we developed a data assimilation scheme for ET estimation. The common land model 
(CoLM) is adopted as model operator to simulate the temporal variation of ET. Ensemble Kalman filter 
algorithm is chosen as data assimilation algorithm. The scheme can dynamically assimilate MODIS land 
products such as land surface temperature (LST) and leaf area index (LAI). The automatic weather station 
(AWS) and flux tower data installed at Xiaotangshan station in China are used to test and validate our 
scheme. This paper is organized as follows. In section 2, the data assimilation scheme is described. The 
preliminary results are analyzed in section 3. The conclusions are shown in section 4. 

2. Data Assimilation Scheme 

Fig. 1: The flowchart of ET assimilation scheme. 

In general, the data assimilation system is composed of the model operator, the observation operator, data 
assimilation algorithm and data sets. Model operator, in land data assimilation system (LDAS) is usually a 
land surface model, which simulates energy and mass transfer between the soil, vegetation, and the 
atmosphere. Observation operator expresses the relationship between state variables and observation data. 
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Data assimilation algorithm is used to integrate the model operator and observation operator, which utilizes 
observation data to optimize the state variables that are produced by model operator. Fig. 1 illustrates the 
flowchart of ET assimilation scheme used in this paper. 

2.1. Common Land Model 
In this study, the Common Land Model (CoLM) is adopted as model operator, which was developed for 
community use by a grassroots collaboration of scientists who have an interest in making a general land 
model available for public use and further development. It combines the best features of three existing LSM's 
that are modular and well documented three existing successful and relatively well documented and modular 
land models: the Biosphere–Atmosphere Transfer Scheme (BATS) (Dickinson et al., 1993), Bonan's Land 
Surface Model (LSM) (NCAR, 1996), and the 1994 version of the Chinese Academy of Sciences Institute of 
Atmospheric Physics LSM (IAP94) (Dai et al., 2003). CoLM has one vegetation layer, 10 unevenly spaced 
vertical soil layers, and up to 5 snow layers (depending on snow depth). Additionally, it includes a canopy 
photosynthesis- conductance model used to describe the transfer of CO2 and water vapor into and out of 
vegetation. Running at sub-hourly time scales, it can capture the diurnal cycle and model processes such as 
the profiles of soil temperature, liquid water and ice content in soil and snow layers, leaf temperature, 
sensible and latent heat fluxes, and information of snow cover and depth (Dai et al., 2003). The detailed 
description of model structure, physical parameterizations, and model parameters are represented in Dai et al. 
(2001). 

2.2. Ensemble Kalman Filter 
To make this paper self-contained, we briefly introduce the EnKF with perturbed observation proposed by 
Burgers (1998). In this method, predictions of state variables are given by their ensembles. Assuming normal 
distribution of model predictions, the ensemble mean is supposed to be the best estimate of the true state, and 
prediction error around the mean is measured by covariance of the ensemble (Evensen, 2003). The 
covariance, P, of forecast and analysis error of a random variable, x, are defined as  

( )( )f f f f f f T
eP P x x x x≅ = − −                                                            (1) 

( )( )a a a a a a T
eP P x x x x≅ = − −                                                               (2) 

where the overbar denotes the ensemble mean, and the superscripts a and f refer to analysis and forecast, 
respectively, the two necessary steps of the EnKF. In the forecast step, forecast state variables of each 
member is updated according to   
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where , 1
f

i tX +  is the forecasted state variable of the ith ensemble member at the time t+1; ,
a
i tX  is analyzed 

state variable of the ith ensemble member at the time t; (.)M is model operator, which is CoLM model in 
this study; iu is model error vector, which is assumed to satisfy Gaussian distribution with zero mean and 
covariance matrix, Q , at time t.  

In the analysis step, we perturb the observation data by adding random observation errors. The forecast 
of each ensemble member is updated as follows (Burgers et al, 1998): 
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where (.)H is observation operator, which is used to convert the model state variables to observations; 1tY +  is 
observation data at time t+1; iε  is random error vector of observation with zero mean and covariance 
matrix R ; 1

f
tP+ is forecast background covariance matrix at time t+1; 1

f
tX + is the mean of forecast state vector 

of ensemble members at time t+1. Based on equation (1), replacing the ensemble covariance by sample 
covariance of N samples, 1

f T
tP H+ and 1

f T
tHP H+ in equation (4) can be calculated via (Burgers et al, 1998) 
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The analysis state estimate at time t+1 is given by the mean of the ensemble members. The analyzed 
ensemble is then integrated forward until the next observation is available and the process is repeated.  
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2.3. Data 
The experiment data in this study are from Xiaotangshan station in China from June 18 to 27, 2004. 
Automated weather system (AWSs), soil moisture and temperature system (SMMTS) and flux tower were 
installed at this station. Atmospheric forcing variables required to run CoLM including wind speed, air 
temperature, specific humidity, precipitation, downward shortwave radiation and longwave radiation, and 
atmospheric pressure, which are measured directly at AWSs. The latent and sensible heat fluxes from flux 
tower are used to validate our results.  

Additionally, we also obtained MOD15A2 and MOD11A1 products to conduct our assimilation 
experiments. MOD15A2 are 1 km global Leaf Area Index (LAI) and Fraction of Photosynthetically Active 
Radiation absorbed by vegetation (FPAR) data products updated once each 8-day period throughout each 
calendar year. MOD11A1 are daily level 3 global LST products gridded in the Sinusoidal projection (version 
4) at a spatial resolution of 1 km and twice view per day. 

3. Results and Analysis 
To investigate the feasibility and the performance of assimilation system, we did some point-scale 
experiments using in situ observations and MODIS LAI and LST products during the observation period 
from June 18 to 27, 2004 at the Xiaotangshan station. 

3.1. Influence of forcing data 
The atmospheric forcing data as the boundary of land surface model, which influence directly the estimation 
of soil temperature, soil moisture, and land surface flux. The Fig. 2 shows 2-day simulation results of 
sensible and latent heat flux with different air temperature, downward short wave and long wave radiation.  

 

 
Fig. 2: The influence of forcing data on sensible and latent heat flux. (a) air temperature, (b) downward short-wave 

radiation, and (c) downward long-wave radiation. 

In Fig.2, (+) 4K and (-) 4K represent that air temperature is increased and decreased by 4K, respectively. 
(+) 10% and (-) 10% represent that downward short wave or long wave radiation is increased and decreased 
by 10 percent, respectively. We can found that sensible and latent heat fluxes are influenced by air 
temperature greatly. The bias mainly appears in daytime. When air temperature is increased by 4K, the 
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maximum value (about 14:00 local time) of sensible and latent heat fluxes are increased about 70 W/m2 and 
120 W/m2, respectively. We can also find that the influence of downward short wave and long wave 
radiation on sensible and latent heat fluxes is similar. The sensible heat flux is more sensitive than latent heat 
flux to incoming radiation comparing the “true” value. To increase 10 percent of downward short wave or 
long wave radiation will cause that the maximum biases of sensible and latent heat flux get to about 60 W/m2 
and 20 W/m2 at 14:00 local time, respectively.  

3.2. Assimilation of ground temperature in situ 
In this experiment, we try to assimilate ground temperature in situ measurement once per day into our ET 
data assimilation scheme and analyze the influence of observation time on estimation of sensible and latent 
heat flux. We suppose that the standard deviation of ground temperature observation is 0.1K and the semble 
size is set to 100. We adopt average error and root mean square error (RMSE) to assess the corresponding 
results. Fig. 3 shows the results of average errors and RMSE from simulated and assimilated results at 
different assimilation time from June 18th to 27th, 2004. As for sensible heat flux, in comparison with 
simulation results, the average errors and RMSE decrease significantly when the assimilation time ranges 
from 12:00 to 19:00 local time and from 12:00 to 16:00 local time, respectively. Furthermore, as for latent 
heat flux, the RMSE of assimilation results is less than that of simulation results and remarkable when 
assimilation time varies from 12:00 to 16:00 local time. However, the average error of assimilation is larger 
than that of simulation with assimilation time ranging from 12:00 to 19:00 local time. 

 

Fig. 3: Comparison of average errors and RMSE from simulated and assimilated results at different assimilation time. (a) 
Sensible heat flux and (b) latent heat flux 

3.3. Assimilation of MODIS LST and LAI products 
Based on the experiment of assimilating ground temperature in situ, we further to assimilate MODIS LST 
and LAI products. Considering the retrieval algorithm and representative errors, the standard deviation of 
MODIS LST is set to 1K. The pixel value of MODIS LST and LAI products are extracted at the station 
location. The 10-day assimilation results of sensible and latent heat flux by assimilating MODIS LST and 
LAI products are shown in Fig. 4 from June 18th to 27th, 2004. As for MODIS LST data, there are twice per 
day at most, but we can find that the assimilation results of sensible and latent heat flux are better than the 
simulation results. The error statistics of sensible and latent heat flux by assimilating MODIS LST and LAI 
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products are also listed in Table 1. 
 

Fig. 4: The assimilation results of sensible and latent heat flux by assimilating MODIS LST and LAI products from 
June 18th to 27th, 2004. 

 
Table 1: The error statistics of sensible and latent heat flux by assimilating MODIS LST and LAI products from 

June 18th to 27th, 2004. 

 Sensible Heat Flux (W/m2) Latent Heat Flux(W/m2) 
 simulation assimilation simulation assimilation 
Average Error 28.87 14.0 -21.75  -4.71 
RMSE 55.92  44.37 85.0 66.0 

 

4. Conclusions 
In this paper, we develop an ET data assimilation scheme based on common land model and ensemble 
Kalman filter. This scheme is applied to assimilate remote sensing data such as MODIS LST and LAI 
products for improving land surface sensible and latent heat flux estimation. Based on MODIS LST and LAI 
products and flux observation in situ from June 18th to 27th, 2004, we firstly analyze the influence of forcing 
data (air temperature, downward short wave and long-wave radiation) on estimation of land surface flux. 
Then two experiments are conducted to evaluate our data assimilation system: (a) to assimilate in situ ground 
temperature observations; (b) to assimilate MODIS LST and LAI products.  

The experiments results indicate that the influence of ground temperature on sensible and latent heat 
flux is more significant in daytime than in nighttime. Observation time is one of critical factors for 
improving flux estimation. When observation time ranges from 12:00 to 16:00 local time, the improvement 
of sensible and latent heat flux estimation is very notable. Additionally, the assimilation results also present 
that the estimation of sensible and latent heat flux can be improved by assimilating MODIS LST and LAI 
products. Finally, this work also proves that ensemble Kalman filter is effective and practical for ET data 
assimilation study. 
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