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Assimilation and Model Integration

* Integration of earth observations into EPIC model to
improve crop characterization.

 Development of forecasting framework to produce
in-season crop condition and yield outlooks.




Integration of satellite derived data into EPIC model

 Environmental Policy Integrated
Climate (EPIC) model is semi- EPIC Model
mechanistic terrestrial ecosystem Solar iradiance  Precipitation
model. Wind

 Representation of biophysical and
biogeochemical processes.

e Simulate crop biomass, yields, water
use, carbon and nutrient fluxes, soil C, N, & P cycling Pesticide fate
erosion and many others under various
land use and land management and
climate change scenarios.

Representative EPIC modules




How satellite data is useful

Motivation: Spatial application of models
is hampered by the difficulty of obtaining
information about local conditions or
crop characteristics.

Role of Remote sensing

* Underlying crop « Crop cover data
information

« Crop emergence dates
* Initialize the model
* Reduce the dependency on
weather by using intermediate
state variables (e.g. LAI, ET
and Soil moisture)

« Biases in weather
introduce uncertainty in
the model predictions

a) NLDAS-based biomass estimates

b) NARR-based biomass estimates
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Biomass estimates under various gridded weather datasets

(Source: Bandaru et al., 2017, Agriculture and Forest Meteorology)
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Remote sensing version of EPIC
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Need of high resolution satellite data
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High sEatiaI and temeoral satellite data

BRDE-corrected MODIS

Downscaled reflectance
surface reflectance
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CroE emergence dates

e Timing of crop growth are
estimated based on MODIS
downscaled NDVI and growing
degree days.

e Estimated crop emergence dates
captured spatial and inter-annual
variability reasonably well.

Emergence dates (DOQOY)

Corn 2015

NCorn 2012




Crop type Leaf Area Index (LA
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Corn yield predictions: EPIC vs RS-EPIC

RS-EPIC simulated non-irrigated (NIRR) yields RS-EPIC simulated Irrigated (IRR) yields

Corn yields for 2015 (Mg/ha)
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Corn yield predictions: EPIC vs RS-EPIC

Non-irrigated yields using RS-EPIC  Irrigated yields using RS-EPIC
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Assimilation and Model Integration

* Integration of earth observations into EPIC model to
improve crop characterization.

 Development of forecasting framework to produce
in-season crop condition and yield outlooks.




Integrated Forecasting Framework

e Current condition outlooks are near real time, either based on surveys or
satellite remote sensing.

e Ability to provide crop condition forecasts with 2-week lead time can help
agricultural community in better decision making.

 The approach for the production of traditional yield forecasts is time
consuming and labor intensive.
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NASA-UMD NDVI Anomaly 05-01-2014 USDA crop progress reports

NDVI anomal)’, May 2014. source: https://cropmonitor.org/index.php/data-and-tools/data



Objectives

 To produce two different types crop condition outlooks biweekly

during the growing season |) near real time crop condition 2) crop
condition with two week lead time

 To produce reliable yield forecasts at county scale as early as possible
before harvesting.




Forecasting system elements

EPIC Crop
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e National Digital Forecast Database (NDFD) 3-day forecasts

e NOAA Global Ensemble Forecast System (GEFS) |6-day forecasts

e NCEP Coupled Forecast System (CFS-2) 9-month forecasts




CroE condition metric — Biomass anomalx
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Growing degree days

e Relative change in biomass compared to the historical average
biomass at given point of time. Similar to NDVI anomaly.



July 11,2012 crop condition results

Starting condition —As of July 1| Forecast condition - As of July 25

Condition projected by NLDAS - As of July 25

Biomass growth anomaly (%)
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CornYield Forecasts — July 25,2012

EPIC simulated yields
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CornYield Forecasts — July 25,2012

* Work shown here is one of several EOFSAC research activities

* Integration of satellite remote sensing in models is shown to improve
yield predictions.

* Forecasting system captures seasonal crop condition and yields reasonably
well.

e Forecast system will be further evaluated by implementing for multiple
years, multiple crops and regions towards a global capability.

e This work contributes to an emerging community agenda on integration
of EO data with Crop Models
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