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Motivation

e This research is motivated by the need for
high resolution (250 - 1000 m), objective,
up-to-date, and global cropland and
iIrrigation datasets to be used in climate
and hydrological models.

 Remote sensing helps meet this need by
providing repeated, consistent large area
coverage.



Global irrigation (FAO, 1998)

area(km?) % share

e India 590,000 21.7
e China 525,820 19.4
e USA 214,000 7.9
 World 2,714,320 100.0

Accounting for 1800-2500 km? evaporation
from land and ~3Pg/year carbon



Does irrigation matter?

« Recent modeling work™ (VIC) over the
Colorado Basin indicates

— 35% decrease in runoff when irrigation present
— 5% basin average increase in ET (max 60%)

e Over other basins of Continental US?
e Over the entire Globe?

*Haddeland et al, 2005, Journal of Hydrology



Irrigation and Land Surface Models

* Improved surface parameterization (skill)

— State of soil moisture (non-precipitation water source)
— River-groundwater withdrawals (Lohmann et al 2004)

o Surface-climate feedback (impact)

— Increased ET (Haddeland et al 2005)
— Roughness and wind effects (ozdogan et al 2006)
— Precipitation (Moore and Rojstaczer, 2002)

o Climate change impact on irrigation (application)
— Climate change on water use and availability



Existing Datasets on Irrigation

« GMIA - Global Map of Irrigated Areas

— Joint effort FAO - Univ. Frankfurt Main

— 5 min spatial resolution

— equipped to be irrigated ca. 1995 (and updated)
— Primary data source

 GIAM - Global Irrigated Area Mapping
— IWMI effort
— AVHHR-MODIS-climate
— 10 km spatial resolution
— Version 2.0 just released
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A new US irrigation map product

 Based on observed, RS-derived patterns

 Employs supervised classification approach
— Decision Trees (C4.5) with Boosting

e Improved spatial resolution (0.25 km - 1 km)

o Better Suited for LSMs
— Developed with the LSM community
— Multiple inputs
e Potential to understand change
— MODIS (ca. 2002) to NPOESS (ca. 2012)??



Map properties

Binary (2 class) map (irrigated vs. non)
@ 1km resolution (available at 500m)

ca. 2002 (2002/2003)

Only map irrigated croplands
— Requires an agriculture mask

Potential for subpixel approach
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Climate and Irrigation

Climate Is an important determinant

Suitable climate index
— Climate Moisture Index [CN”] (Thornthwaite, 1948)

_ (PIPET)-1 if P<PET

1- (PET/P) if P23 PET

CMI provides a “first-cut” to Irrigation

BUT, must be related to irrigation
— Irrigation vs. CMI



Climate Irrigation Index [CII]

1

f(CMI) = [1+ a(D+CMI )]




Cll




Training site selection

High quality examples are necessary
— Garbage In - garbage out

Landsat (ca. 2000) as the guide

Sites based on polygons

— 1km on the side

Multiple attributes

— Shape, quality, crop, etc.

Irrigation interpreted based on ancillary data
— GMIA, county maps etc.

Some imported from BU

Could be made a community effort



Training site locations
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Remotely sensed inputs

The fundamental questions are:

 \What are the irrigation-related
signatures that are observable with
remote sensing?

e Are they unique?

* Are they repeatable across time and
Sspace?



Observable irrigation attributes

 Temporal
— Mismatch of timing irrigated vs. non-irrigated

— Often associated with crop type
e e.g. non-irrigated wheat vs. irrigated corn

e Spectral

— Level of “greenness”
— Which index?






Observable irrigation attributes

 Temporal
— Mismatch of timing

— Often associated with crop type
e €.g. non-irrigated wheat vs. irrigated corn

e Spectral

— Level of “greenness”
— Which index?






Green Index [Gl]

o Water stress and Chlorophyll

— Gitelson et al (2005)

* A simple Cl index suitable for MODIS
— No red-edge
e Green Index

Gl=rys/r

Green



Sensitivity = — 1 o900

non(max) ' non(min)




Water Index

e Land Surface Water Index (LSWI)

LSM = Fir = 1 awir
rnir+rswir

e |ndicates water status
— both soil and vegetation

e Avallable for MODIS

Xiao et al., 2002
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Classification tool

Supervised Decision Tree (DT) algorithm
— ¢4.5 with recent modifications

Non-parametric

— No distributional assumptions

Boosting applied

— A method to split training data into subsets

— Concentrate on hard examples
— A form of additive logistic regression

Highly successful in Land-cover mapping
Provides per-pixel class probabilities



INnputs

Cloud cleared, snow screened inputs of:

e NBAR NDVI
— 23 X 2 observations (2002/2003)

e NBAR Gl
— 23 X 2 observations (2002/2003)

e NBAR LSWI
— 23 X 2 observations (2002/2003)

Climate irrigation index (fixed)
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Agriculture mask

B Croplands detected only on one map
Bl Croplands detected on two maps
Bl Croplands detected on all three maps map
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Sample tree



Continental US irrigation ca. 2002



USDA (2002)






Comparison of different products
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Sub-pixel mapping

* Fields smaller than MODIS pixels
— What % is agriculture (irrigated)?
 Temperature-based methods

— Relate surface temp to irrigated crop %
— Greenness can be incorporated






Sub-pixel mapping

* Fields smaller than MODIS pixels
— What % is agriculture?

e Geostatistical approach
— Modeling of cropland fraction



Relationship between class-defining
thresholds and resolution



Resolution effects on agricultural area

Ozdogan and Woodcock (2006)
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Data merge

Improve RS map using statistics (GMIA)
Use class probabilities and GMIA
Baye’s Rule framework

B(GMIA|MODIg) = - (MODIS [GMIA)XGMIA

f (MODIS|GMIA)

0

Primarily improves hard examples
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Preliminary work on:

* Crop type estimates (e.g corn)
* Reflectance based Kc

 Incorporate phenological transition dates



Nebraska Corn Fraction, 2002

USDA estimate

MODIS prediction



Thank You

ozdogan@hsb.gsfc.nasa.gov



