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Introduction 

• This research aims at improving crop yield estimates 
of major crop types in the US at plot level by 
assimilating remote sensing derived Leaf Area Index 
(LAI) into a crop growth model using the Ensemble 
Kalman Smoother (EnKS) method.  

• Using EnKS to accomplish data assimilation has the 
added advantage because the state variables (LAI in 
this case) are reanalyzed on a time window instead 
of a single update of only the most recent 
predictions.  

• The whole process will be performed at the plot 
level rather than traditional pixel level to avoid 
mixed-pixel problems, but also to reduce 
computational burden to meet the demands of crop 
farmers and policy makers. 

 

Task 1: LAI Time Series First Year Progress 

• Collect and develop a time series of observed LAI 
measurements to build a robust, and universally 
stable empirical relationship between satellite 
derived vegetation indices and LAI at the plot level  

• A large dataset of in-situ LAI measurements for a 
variety of crop types were collected from different 
locations and agro-ecosystems of the world, and the 
relationships between LAI and vegetation indices are 
being computed from mid-resolution (i.e. Landsat 
style) remotely sensed imagery 

• Using these relationships, LAI time series during 
crop growing season can be calculated in map form 
for the study area using mid-resolution satellite 
images and aggregated into field level for data 
assimilation into crop growth models. 

Preliminary Results (Figure 5) 
• The global relationships between VIs and LAI are all 

positive, but asymptotic with high sensitivity at 
lower ranges of LAI and low sensitivity when LAI 
increases above 2 m2/m2  

• NDVI provides the best fit with the highest quality, 
but comes with a relatively severe saturation 
problem; EVI is more sensitive at high LAI values, but 
shows higher scattering of sample points from the 
fitted curve (Figure 5). 

Methodology (Figure 1) 

• Derive LAI time series from remotely sensed data 

• Modify/prepare a crop type map at the plot level for 
the Midwestern US 

• Estimate yield by assimilating LAI into a crop 
growth model through the Ensemble Kalman 
Smoother 

 

 

Figure 1. Flow chart of the crop yield estimation process  

Task 1:  LAI Time Series (Figure 2) 

• Build globally stable relationship between LAI and 
remotely sensed Vegetation Indices (VIs) from 
Landsat TM/ETM using a global dataset of in situ 
crop LAI 

• Apply the LAI-VI relationship to the study area  using 
available Landsat images 

• LAI time series during growing season will be 
achieved using the empirical relationships and 
temporal gap filling technique (e.g. TIMESAT 
software). 

 

 

Task 2: Crop Type Map (Figure 3) 

• Landsat images of the study area will be segmented 
using Nested Hierarchical Scene Models to get the 
location and boundary of crop fields. 

• Conduct object-based analysis of an existing crop 
map Crop Data Layer (CDL) from NASS to avoid the 
presence of distinctive salt and pepper texture and 
get a field-level crop map (figure 3) 

 

                 a                                      b                                    c 
Figure 3. Object-based analysis example: a. the original TM image 
in true color; b. the Cropland Data Layer (CDL) map; c. segmented 
and majority-filled CDL map. 

                    a                                    b                                      c 
Figure 2. LAI estimation with temporally gap-filled TM data at the 
Mead site: a. empirical relationship between CIGreen and observed 
LAI; b. Double logistic fitting curve of the CIGreen throughout the 
growing season; c. the observed vs predicted LAI for irrigated 
maize. 
 

Task 3:  Crop Yield Estimation 

• Assimilate remotely derived LAI time series into the 
DSSAT modeling platform using Ensemble Kalman 
Smoother (EnKS) for each crop type 

• EnKS can overcome the non-continuous and step-
change problems faced with traditional Kalman 
Filters by using information from a series of 
observations to update the model variables over a 
time window 

• The outputs will include crop condition, yield, 
biomass, evapotranspiration and other variables  
which will be available at field/plot level and 
continuously during the growing season. 

 

 

Data Collection and Process (Figure 4) 

• A large dataset of in situ LAI measurements 
collected from many parts of the world were 
constructed, which contains 1218 records   

• Data sources : regional flux networks, validation or 
experimental projects, publications, DSSAT software 
validation data, and research collaboration 

• For each record of LAI, a corresponding Landsat 
image was collected and vegetation indices (Table 1) 
were computed based on different variables (DN, at 
sensor radiance, Top of Atmosphere reflectance, 
surface reflectance). 

 

 

Figure 4. Global distribution of field sites in the LAI database  

Figure 5. Statistical relationship between Vegetation Indices 
(computed from surface reflectance) and LAI field 
measurements. 

• The relationships between VI and LAI for different 
crop types do not vary that much ,but soybeans 
show different relationships with greater slope or 
intercept (Figure 6). 

 

• Conversion from raw DN values to physically 
meaningful variables (e.g. radiance or reflectance) 
always produces stronger relationships between VIs 
and LAI   

Figure 6. Relationships between VIs and LAI for different crop types 

• The relationships between 
LAI and simulated VIs from 
the PROSAIL model are in 
accordance with the 
observed values (Figure 7).  
 
 

Figure 7. Modeled relationship 
between NDVI and LAI using 
PROSAIL for corn. 
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Index Equation 

Simple Ratio    

Normalized Difference 

Vegetation Index 

Enhanced Vegetation Index 

Green Chlorophyll Index   

Table 1. Vegetation Indices used in this research  


