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ABSTRACT

Regional crop yield prediction methods can be enhanced by the use of remote sensing based inputs to obtain an
efficient and timely prediction capability. Inputs from remote sensing usually include vegetation indices and climatic
information such as temperature, precipitation, solar radiation etc. The crop selected for this study is soybean. This
study focuses on investigating and comparing a combination of satellite sensor characteristics and data products
derived from satellite data stream inputs, with crop modeling input data requirements. The factors to be considered
include the spatial, spectral and temporal characteristics of sensor characteristics and derived data products to
determine objective methods for selecting model inputs that offer the most promise to improve regional soybean
yield prediction.

INTRODUCTION

Crop models have been used for predicting crop yield before harvest. The benefits of such predictions have
potential effects from local to regional to global. Such predictions warn the decision makers about potential
reductions in crop yields and allow timely import and export decisions. These pre-harvest crop yield estimations also
help in regional and global crop prices and trade policies. Thus, reliable yield prediction methods are highly
important for national and global food security.

Remote sensing is used in a number of crop prediction models. These range from simple regression-based
models to very complicated models based on a number of inputs. Although remote sensing is beneficial for local
uses such as precision agriculture, remote sensing is increasingly being used in regional predictions due to the ability
to efficiently provide spatially based results for larger areas. Most regional level yield prediction methods consider
using Moderate Resolution Imaging Spectro-radiometer (MODIS) and Advanced Very High Resolution Radiometer
(AVHRR) due to their wide swath width. Since crop yield models are usually developed from field-based
experiments, regional prediction models based on remote sensing are usually adapted from crop models developed
from field-level experimentations. Therefore, in order to obtain as much accuracy as possible in predicting yield, the
spatially-based input variables should be able to represent field level conditions as much as possible.

Different types of models for field-level crop yield predictions for various crop types are available. The
adaptation of crop models to regional-level predictions of yield are lacking validated mechanisms for their
application. The major challenge in such adaptation lies in the area of scaling or substituting model inputs to obtain
representative estimates that extend capabilities to a regional or national level. In scaling models to regional-level
analysis, field-level conditions such as row spacing, amount of fertilizer per plot, and other field-level details cannot
be used. Difficulties arise when field-specific input variables to the models are replaced by information extracted
from satellite image based observations. The probability that the inaccuracy of the model output would increase
cannot be neglected because on one hand a field level based model is being used for regional level estimates, and on
the other hand the input parameters are estimated from remote sensing. Even then, it may not be a deterrent for using
such crop models for regional predictions using remote sensing based inputs. In fact researchers agree that remote-
sensing technologies can help to reduce the costs, time, and money to effectively predict crop yield (Reynolds et al.,

2000; Wiegand et al., 1991).
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Doraiswamy et al. (2005) used remote sensing inputs in a crop model for regional yield assessment and found
that use of information from remote sensing observation may effectively be integrated into crop modeling
methodologies. Doraiswamy’s findings indicate that with the selection of an appropriate crop model and careful
application of input information derived from satellite-based observations, regional crop yield assessments using
remote sensing can be highly beneficial. Again, for regional-level predictions, the use of satellite based inputs highly
simplifies the process considering the amount of time and labor that regional level data collection requires. This
paper is based on the assumption that the use of correct model and remote sensing based data sets would help in
obtaining desired estimated yield accuracies and to provide a basis whereby regional soybean yield prediction
methodology based on remote sensing can be validated.

Some studies have been done using remote sensing based regression models for regional or country wide
predictions (Rasmussen, 1998; Dabrawoska et al., 2002). However, the regression based models are highly variable
and do not consistently provide adequate accuracy for larger areas since they are empirical in nature (Moulin et al.,
1998). The variables used in the regression models to increase the accuracy (or the R-square) cannot be of global
application as such variables differ from region to region. Other methods used by some researchers are based on
application of Montieth-based models that employ Photosynthetically Active Radiation (PAR) and Absorbed
Photosynthetically Active Radiation (APAR) parameters to estimate yield (Bastiaanssen and Ali, 2003; Lobell et al.,
2003). These methods do not use meteorological inputs and are mostly based upon the ability of plants to utilize the
solar radiation for photosynthesis.

The variables used in these methods (regression and montieth based) are derived from field-level observations
and parameters without regional applicability; therefore, these models are not appropriate for and have not been
adapted to generalized regional application. Hence, the best crop prediction models for regional application which
may be adapted to ingesting information from remote-sensing based observations are mechanistic models that relate
physiological growth stage to environmental variables to obtain the model output. Moulin et al. (1998) correctly
stated that, “more mechanistic and physiologically sound models are necessary to assimilate remote sensing data and
to predict production of major crops”. However, some mechanistic models also require very detailed field level
information that cannot be estimated for regional level modeling purposes.

In this light, Sinclair model holds promise as it is a mechanistic model but the inputs required for running the
model are very simple (Sinclair, 1986). Since, this model was developed from field-level experimentations, it
becomes highly important that the remotely-sensed data sources used to derive information inputs to the model such
as temperature, precipitation, and vegetation indices provide accurate and regionally representative measurements
that can be efficiently modeled in a spatial environment.

In short, regional-level crop monitoring as well as yield predictions for soybean can be made operational by
using remote sensing inputs and using a GIS framework for analysis. However, the processes are usually too
complex to exactly replace the input variable with the remote sensing based parameters, and the results that are
obtained may not be as accurate as a field-level simulation.

This concept paper considers the different inputs required by the Sinclair model and explores the application of
information from remote sensing observations and other spatial dataset inputs to enable the model to operate in a
spatial environment.

SINCLAIR MODEL

Sinclair model has also been used operationally by Production Estimates and Crop Assessment Division
(PECAD) of Foreign Agricultural Service (FAS) to provide estimation on global agricultural production (Reynolds,
2001). This model has been described as “semi-mechanistic” and is considered as “a compromise between
completely empirical approaches and extremely detailed mechanistic approaches” (Speath et al., 1987). According
to Speath et al. (1987) this model “uses five major relationships: 1) leaf emergence as a function of temperature, 2)
leaf area index as a function of leaf number and plant population, 3) interception of solar radiation as a function of
leaf area, 4) biomass accumulation proportional to intercepted radiation, and 5) seed yield proportional to biomass”.
The model has several sub-modules for various physiological processes required for soybean growth simulation and
yield assessment: a. Leaf Growth b. Carbon Budget calculation c. Vegetative Growth d. Nitrogen Budget calculation
e. Seed Growth f. Water Budget calculation g. Calculation of Development rate (Sinclair, 1986).

The model uses daily inputs of temperature (daily minimum and maximum), precipitation, solar radiation, day
length and planting date. The temperature, precipitation, solar radiation data are usually obtained from
meteorological stations. The planting date is estimated from reports and local knowledge. The day length is
calculated based on latitude.

ASPRS 2006 Annual Conference
Reno, Nevada ¢ May 1-5, 2006



Based on the study of how these inputs as well as various physiological processes are modeled in this particular
model, the use of remote sensing based inputs to adapt this model into an efficient operational regional prediction
methodology is discussed in the following paragraphs.

THE LAI FACTOR

The Sinclair model simulates Leaf Area Index (LAI) by using the temperature values to simulate the Daily
Increase in Phyllochron Index (DIPI) which is used to obtain the increase in plant leaf area to calculate the LAI
(Sinclair, 1986). The vegetation vigor that can be detected from remote sensing can be related to the leaf area index
of the Sinclair model. For regional-yield predictions low resolution satellite images are usually employed. Both
Moderate Resolution Imaging Spectro-radiometer (MODIS) and Advanced Very High Resolution Radiometer
(AVHRR) provide vegetation index products such as Normalized Difference Vegetation Index (NDVI) and
Enhanced Vegetation Index (EVI) due to the availability of Infrared and Red channels.

But, due to the large area coverage, the images from these sensors usually have some amount of cloud cover
present; therefore, compositing processes are needed to remove the cloud cover. Currently available temporal data
composites provide a representative data product for particular sequential time periods such as 7, 10, 14, or 16
consecutive days. Hence, currently available temporal composite datasets preclude daily simulations and require that
simulations be performed in a basis depending upon the composting time frame.

In the process of using remote sensing to estimate LAI for the soybean yield model, Doraiswamy et al. (2005)
successfully used simulated LAI from a reverse Scattering by Arbitrary Inclined Leaves (SAIL) model to estimate
soybean and wheat yield. The MODIS reflectance values were used to simulate LAI. In the study, the simulated
LAI was also used to reset the model parameters.

Another possible source of the LAI is to use NDVI to estimate LAI. Studies have claimed that such estimates
are not very useful as NDVI value saturates at high LAI (Huete et al., 2002; Huete et al., 1999). A possible remedy
for this shortcoming in NDVI would be to use EVI. EVI is considered to have “improved sensitivity to high biomass
and improved vegetation monitoring through a de-coupling of the canopy background signal and a reduction in
atmospheric influences” (Huete et al., 1999).

MOD 15 LAI grid data product is also available for daily and 8-day basis with resolution of 1 km (NASA,
2006). The use of MODIS derived LAI (MOD 15) product has not been validated for the soybean predictions. Since
LAI products from MODIS are already available and ready for use, it would be good idea to research the use of
MODIS LAI or LAI from EVI as an input to the soybean model.

METEOROLOGICAL INPUTS TO THE MODEL

Precipitation is one of the important input parameter for running the model. The model is highly sensitive to
soil water as soil moisture is a highly limiting factor for different physiological processes for soybean growth.
Therefore, daily accurate precipitation data is important to obtain correct yield predictions. Similarly, temperature is
also an important factor for soybean growth model. Solar radiation data is also another input that is required daily
for the model.

For regional yield prediction various meteorological inputs have been used by various researchers. Reynolds et
al. (2000) used Rainfall Estimation images which had resolution of 7.6 km obtained from geostationary Meteosat - 5
satellite for Africa. Liang et al. (2004) used North American land data assimilation system (NLDAS) forcing data of
about 1/8 degree for coupling with the crop model.

In cases of both local and regional predictions, the most used source of meteorological datasets has been the
use of data from meteorological stations. One source of meteorological data is from National Climatic Data Center
(NCDC) which provides daily meteorological data sets that includes precipitation, daily min and max temperature
among other weather parameters. Doraiswamy et al. (2005), Bastainssen and Ali (2003), and Carbone et al. (1996)
and others have used local weather station data to input precipitation and temperature.

PECAD'’s operational global crop assessment method is based on an automated decision support system called
Crop Condition Data Retrieval and Evaluation (CADRE). The agro-meteorological data to CADRE is provided by
Agricultural Meteorological Model (AGRMET) and World Meteorological Organization (WMO) network of
weather stations (Reynolds, 2001). AGRMET provides precipitation, minimum and maximum temperature, snow
depth, solar and long wave radiation and potential and actual evapo-transpiration. The AGRMET data has the
resolution of 40km. The vegetation datasets can be obtained in 250 m for MODIS and 1km for AVHRR, but it is
almost impossible to obtain the same resolution data for meteorological datasets. The use of 1km dataset with 40
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km AGRMET dataset may not produce the desired results. Geostationary Operational Environmental Satellite
(GOES) which has 4 km resolution covers US in which precipitation dataset is the main component that it provides
from its distribution website. There are few other products that integrate various sources of weather information to
provide weather information like the one used by Liang et al. (2004).

NASA has sponsored the development of the NASA Land Information System (LIS), “a functional Land Data
Assimilation System (LDAS).” It currently is comprised of a LIS core, three land models, data servers, and
visualization systems — integrated in a high-performance computing environment (Peters-Lidard et al., 2004; Kumar
et al., 2005; and Tian et al., 2005). LIS has been developed using an “ensemble physics land surface modeling
philosophy” in order to enable interactions with other earth system model and decision support systems (DSS). LIS
is implemented under the Earth Systems Modeling Framework (ESMF), an interoperable computational framework
that facilitates the coupled interactions between other computational models of weather, climate and the
environment. The computational resources available to LIS support the global modeling of land-atmosphere studies
at 1km spatial resolutions. The land models in LIS incorporate surface parameters of temperature, snow/water,
vegetation, albedo, soil conditions, topography, and radiation. Many of these parameters are available from NASA
platforms at various spatial and temporal resolutions. For example, the MODIS sensor onboard the Terra and Aqua
platforms provide vegetation parameters of Leaf Area Index (LAIl), surface albedo, surface temperature,
evapotranspiration, and radiation.

PLANTING DATE ESTIMATION

Planting date is one of the most sensitive inputs to the model. Planting date of the crop may not be of any
importance for field level analysis, but for a regional level, planting date estimation becomes very important because
it is almost impossible to correctly obtain the exact planting dates from all the areas. Usually the planting date is
calculated based on crop reports which are subjective and can deviate up to 30 days. This offset might be lessened
by the use of remote sensing by studying the phenology of the crop. Vegetation index information, which can be
obtained from low resolution imageries with high temporal visits such as AVHRR and MODIS, can provide the
vegetation index temporal curve. These temporal curves can help us to detect the onset of greenness that can be
related to crop emergence. The detection of emergence can in turn help us to detect the planting date by using heat
units. This process can be performed spatially using temporal map algebra which has the capability of spatial-
temporal analysis, the results of which may be employed to reset the planting data to a more accurate value than the
initializing estimate.

Mali et al. (2005) used the temporal map algebra to obtain NDVI composites from AVHRR and MODIS.
However, the temporal map algebra can be used in any spatio-temporal analysis in which a temporal dataset can be
treated as a three-dimensional dataset and various spatial operations can be performed (Mennis and Viger, 2004).

MODIS / AVHRR Daily data
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Figure 1. The NDVI composite is created by using temporal range of NDVI from temporal map algebra
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Figure 2. Planting date estimation using VVegetation Index and Temporal map algebra

CONCLUSIONS

One of the challenges in using the remote sensing based input for yield prediction is the unavailability of
meteorological as well as vegetation based grid datasets in a spatially compatible form. In spatial analysis, the output
dataset is as good as the lowest resolution available. Therefore, in the process of operational yield modeling, the
resolutions of different spatial datasets need to be as compatible with each other as possible. This theory is not true
for only spatial resolution but also for radiometric variations as well as for temporal time frame in which the datasets
will be used. Practically, we may not be able to achieve that goal but ample amount of consideration should be given
so that the datasets are as much compatible as possible in radiometric, spatial and temporal aspects.

The Weather Research and Forecasting (WRF) model (Michalakes et al., 2004), developed by the atmospheric
community and supported by NASA, are being adopted as the model of choice by the GeoResources Institute (GRI).
The WRF has been successfully coupled to the LIS via the ESMF. The WRF model has been demonstrated to
improve precipitation estimates when coupled to the LIS (using ESMF) on the same grid. The atmospheric fields
and products generated using WRF can be used to contribute vital environmental information for several cross-
cutting applications, including mechanistic crop modeling. The coupled LIS-WRF analysis of the atmospheric
conditions in the surface layer of the atmosphere and the ground surface will provide useful input parameters at high
temporal and spatial resolutions to the Sinclair crop model, including air and ground temperature, humidity (dew
point), solar and long wave radiation components, energy and moisture fluxes across the land-atmosphere interface,
and soil moisture estimates at different levels.

In case of the LAI, the use of MODIS based LAI or EVI needs to be studied more. If validated, the process of
operational yield forecasting will be much more efficient.

The current unavailability of daily datasets due to cloud cover makes the daily simulation of Sinclair model
almost impossible. Current limitations in temporally composited products that remove cloud cover restrict the model
to be performed weekly or biweekly instead of daily. An objective of ongoing research at GRI is to generate
representative composite datasets free of cloud cover within temporal windows of a shorter time frame (rather than
using the absolute time frame of weekly or biweekly periods) to determine if this improves the ability of the model
to simulate crop growth effectively.

Figure 3. illustrates how a temporal image “hypercube” can be evaluated in different ways utilizing 1) a sliding
temporal window to create a continuum of composites over time to better track the progress of vegetation growth
and monitor phenological growth processes, and 2) a closing temporal window to create representative data sets
over increasing or decreasing intervals of time, that may be evaluated to determine the temporal limitations and
assist in finding the minimum temporal range of time for images that may be composited.

The use of temporal map algebra to obtain a phenological curve to help detect the planting date seems to be a
good start in the approach to apply use of remote sensing and spatial analysis for effective results.

The discussions on this paper and the concepts provided as a possible solution are some of the work that the
team at GRI is looking forward to achieve in the near future.
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w Given a temporal image
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to time N, a shiding
window approach would
be useful to create
continuous data sets to
evaluate change. A
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Figure 3. The representation of sliding window composite and closing window composites.
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