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Acronyms and De�nitions

ALI Advanced Land Imager
ALOS PALSAR  Advanced Land Observation Satellite Phased 

Array type L-band Synthetic Aperture Radar
ASAR Advanced Synthetic Aperture Radar
ASTER  Advanced Spaceborne �ermal Emission 

and Re¨ection Radiometer
AVIRIS  Airborne Visible/Infrared Imaging 

Spectrometer
CAI Cellulose absorption index
CCD Coherent change detection
COSMO-SkyMed  Constellation of Small Satellites for the 

Mediterranean Basin Observation
CP Compact polarization
CTIC  Conservation Technology Information Center
DP Dual polarization
EnMAP  Environmental Mapping and Analysis 

Program
ERS European Remote Sensing
ESA European Space Agency
Hyperion  First spaceborne hyperspectral sensor 

onboard Earth Observing-1(EO-1)
HyspIRI Hyperspectral Infrared Imager
IEM Integral Equation Model
Landsat-4, 5 TM �ematic Mapper
Landsat-7 ETM+ Enhanced �ematic Mapper Plus

Landsat 8 OLI Operational Land Imager
LCA Lignin cellulose absorption
LUT Lookup table
minNDTI Minimum NDTI
MODIS Moderate Imaging Spectroradiometer
NDI Normalized di¦erence index
NDTI Normalized di¦erence tillage index
NDVI Normalized di¦erence vegetation index
NIR Near infrared
NPV Nonphotosynthetic vegetation
PolInSAR Polarimetric interferometric
PPD Copolarized phase di¦erence
QP Quadrature polarization
RISAT Radar Imaging Satellite
RMS Root mean square
SAOCOM  SAtélite Argentino de Observación COn 

Microondas; Argentine Microwaves 
Observation Satellite

SARs Synthetic aperture radars
SINDRI  Shortwave infrared normalized di¦erence 

residue index
SMAP Soil Moisture Active Passive
SP Single polarization
SPOT  Satellites Pour l’Observation de la Terre or 

Earth-observing satellites
STARFM  Spatial and temporal adaptive re¨ectance 

fusion model
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STI Simple tillage index
STIR Soil Tillage Intensity Rating
SWIR Shortwave infrared
TanDEM-X  TerraSAR-X add-on for Digital Elevation 

Measurement
VNIR Visible, near-infrared
USDA U.S. Department of Agriculture
USGS U.S. Geological Survey

8.1 introduction

Tillage prepares the seedbed by mechanical disturbance to 
loosen and smooth the soil surface, o¬en mixing topsoil with 
surface organic debris to aerate soil, assist in weed suppression, 
control insects and pests, and, in midlatitudes, promote spring-
time warming and drying. Tillage has been practiced, in varied 
forms, throughout the world since antiquity. During the 1700s 
and 1800s, innovations in designs of plowshares greatly increased 
tillage eff ctiveness by increasing depth of the disturbed soil and 
by turning the surface soil to more completely mix surface crop 
residue (also referred to as plant litter, senescent vegetation, or 
nonphotosynthetic vegetation [NPV]) with disturbed soil.

For millennia, mechanical disturbance of the soil was accom-
plished using hand tools and animal power. By the mid-nineteenth 
century, steam-powered tractors (later replaced by internal com-
bustion engines) greatly increased tillage e¶ciency and speed and 
expanded tillage into a wider range of slopes, topography, and 
ecosystems. Notable impacts of mechanization are the expansion 
of tillage into formerly uncultivated environments, especially prai-
ries and steppes of several continents that have since become some 
of the most productive agricultural systems, but also some of the 
most susceptible to drought and erosion. Mechanization also led 
to further innovations in designs of specialized tillage implements 
and to increases in tillage operations, which o¬en created the con-
text for soil and water erosion.

Detrimental impacts of tillage include increased wind and 
water erosion; increased soil compaction, especially in the con-
text of mechanization; decreased soil organic matter; reduced 
water in¤ltration; and increased amounts of nutrients reach-
ing streams and rivers. By the 1940s, increased awareness of 
 detrimental aspects of tillage (Faulkner 1943), combined with 
availability of herbicides, led to alternative practices to mini-
mize adverse aspects of tillage. Such practices include increased 
use of tillage instruments that minimize soil disturbance and 
leave crop residue on the soil surface.

Recognized environmental bene¤ts of conservation tillage sys-
tems include reduced soil erosion from wind and water, carbon 
emission reductions, and improvements of air, soil, and water 
quality (Wander and Drinkwater 2000). Long-term adoption of 
conservation tillage practices can increase soil organic matter 
content and, hence, can potentially sequester atmospheric car-
bon into soils (Lal 2004). Conservation tillage practices increase 
soil water in¤ltration, improve nutrient cycling, and, in general, 
improve water quality because of improved retention of soil 
nutrients (Karlen et  al. 1994). Soil quality is improved because 

accumulation of surface organic matter increases aggregate stabil-
ity and higher levels of crop residues provide shelter and food for 
wildlife. As for economic perspective, conservation tillage prac-
tices decrease labor and fuel costs because of reduced tillage oper-
ations and reduced fertilizer requirements as a result of improved 
soil quality (West and Marland 2002). Conservation tillage, espe-
cially no-till, requires fewer ¤eld operations and reduces the num-
ber of ¤eld days needed to plant a crop. As a result, it reduces the 
risk of delayed planting due to unfavorable weather conditions 
and also provides possibilities to practice double-cropping.

As alternative tillage practices gained acceptance and were 
implemented, conservationists needed objective data to gauge the 
extent and bene¤ts of their use. �e Soil Tillage Intensity Rating 
(STIR), developed by USDA-Natural Resource Conservation 
Services (NRCS), provides a physically based evaluation of tillage 
systems across the spectrum from true no-till to conventional 
plow systems (USDA-NRCS 2014). STIR requires information 
on (1) each tillage implement used, (2) the operating speed of 
the implement, (3) the depth of tillage, and (4) the fraction of 
the total soil surface disturbed by the tillage implement. STIR 
provides robust evaluations of complex tillage systems and crop 
rotations for conservation planning. However, STIR is impracti-
cal for surveys over many fi lds and large regions.

Tillage intensity can also be characterized by the fraction of the 
soil surface covered by crop residue. �e Conservation Technology 
Information Center (CTIC) de¤ned the following categories of till-
age based on the crop residue cover on the soil surface shortly a¬er 
planting: conventional tillage has <15% residue cover, reduced till-
age has 15%–30% residue cover, and conservation tillage has >30% 
residue cover (CTIC 2014). �is less robust de¤nition of tillage 
intensity has a few caveats that must be considered, for example, 
¤elds where crop residues were harvested for feed or biofuel may 
have low crop residue cover without soil-disturbing tillage.

Over time, varied e¦orts to collect information on tillage 
intensity have included visual assessment, ¤eld measurements, 
agricultural censuses, and remote-sensing techniques. Such 
information is required by a number of agroecosystem models 
and is important for assessing the impacts of tillage practices on 
soil erosion, soil carbon sequestration, and water quality. Field 
measurements and agricultural surveys to acquire tillage infor-
mation are time-consuming and di¶cult. Moreover, it is unre-
alistic to survey every single ¤eld using these methods over large 
regions and over time. �erefore, it is of great interest to develop 
techniques that can routinely and systematically map tillage 
practices. Synoptic remote-sensing imagery o¦ers opportuni-
ties to provide spatial–temporal information on tillage practices 
e¶ciently at low costs. �e ¤rst investigation on the potential of 
using remote-sensing imagery to map crop residues can be traced 
back to Gausman et al. (1975). �erea¬er, both aerial and satel-
lite imagery were tested to di¦erentiate di¦erent tillage practices 
and estimate crop residue cover. For instance, Airborne Visible/
Infrared Imaging Spectrometer (AVIRIS) data were found to be 
useful for crop residue cover estimation (Daughtry et al. 2005).

Although aerial imagery, properly timed and collected at suit-
able resolutions, o¦ers the capability to assess soil tillage status, 
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the broadscale surveys require the areal coverage, revisit capabili-
ties, and spectral channels that are, as a practical matter, available 
only through satellite observation systems. Here we discuss the 
two main classes of satellite systems with the potential for rou-
tine broadscale tillage assessment: (1) optical remote sensing (vis-
ible, near-infrared [NIR], and midinfrared imaging sensors) and 
(2) microwave remote sensing (synthetic aperture radar [SAR]).

8.2  Field Assessment of c rop 
Residue c over

Methods appropriate for assessing crop residue cover in ¤elds can 
be grouped into intercept and photographic techniques (Morrison 
et al. 1993). Intercept methods use a system of grid points, cross-
hairs, or points along a line where the presence or absence of resi-
due is determined. �e standard technique used by USDA-NRCS 
is the line–point transect method where a 15–30 m line with 100 
evenly spaced markers along the line is stretched diagonally across 
the crop rows in the ¤eld and markers intersecting crop residue 
are counted. Accuracy of the line–point transect method depends 
on the length of the line, the number of points per line, and the 
skill of the observer. At least 500 points must be observed to deter-
mine corn residue cover to within 15% of the mean (La¨en et al. 
1981). Signi¤cant modi¤cations to the line–point transect method 
include the use of measuring tapes, meter sticks, and wheels with 
pointers (Corak et al. 1993; Morrison et al. 1993). However, the 
line–point transect is impractical for monitoring crop residue 
cover in many ¤elds over broad areas in a timely manner.

For the photographic method, a color or color infrared digital 
camera is used to take multiple vertical photographs within a sam-
pling area where residue conditions appear visually homogeneous. 
A grid or crosshairs is superimposed on the digital images and 
the points intersecting residue are counted. So¬ware programs, 
such as SamplePoint, can randomly select sample points within 
each image for the user to identify and can tabulate the propor-
tion of each class (Booth et al. 2006). Alternatively, the image may 
be classi¤ed into soil and residue classes using objective image 
analysis procedures. Classi¤cation errors occur when the spectral 
di¦erences between soil and residues classes are not su¶ciently 
large for discrimination. Shortly a¬er harvest, crop residues are 
o¬en much brighter than soils, but as the residues decompose, the 
residues may be brighter or darker than the soil. �e best time to 
acquire information of tillage practices in the ¤eld is shortly a¬er 
sowing and before crop emergence, which is also the optimal time 
window to acquire images to map tillage practices.

�e CTIC, established at Purdue University in 1983 as clear-
inghouse for tillage and conservation information, has conducted 
fi ld surveys to assess tillage status in the United States (http://
www.ctic.purdue.edu). For the CTIC surveys, trained observ-
ers visually assessed tillage status in fi lds at regular intervals 
along selected routes through participating counties. �e survey 
provided county-level estimates of overall tillage practices. �e 
roadside assessment task is subject to various degrees of error 
and uncertainty because it mainly relies on visual interpretation. 

�e  quality of the data has also varied from time to time and 
from county to county due to a variety of reasons, such as unfa-
vorable weather conditions at the time of survey and inconsistent 
levels of experience among the observers. Finally, some counties 
have stopped acquiring tillage data a¬er the national survey pro-
gram was discontinued in 2004 (CTIC 2014).

Limited soil tillage information is available for other coun-
tries. Canada conducts tillage inventory as part of its 5-year 
census of agriculture. Tillage practices are reported by province 
in three categories: (1) tillage incorporating most of the crop 
residue into the soil, (2) tillage retaining most of the crop resi-
due on the surface, and (3) no-till seeding or zero-till seeding. 
�us, it is di¶cult and impractical to evaluate tillage practices 
over time, and by nation, because of wide variations in ¤eld data 
collection, survey responses, and agricultural censuses (Zheng 
et al. 2014). �e tillage categories de¤ned by Canada are less pre-
cise than the CTIC de¤nitions. De¤nitions of tillage categories 
may slightly di¦er from one country to another and even di¦er 
from organization to organization. To evaluate tillage practices 
for a particular ¤eld using visual assessment or remote-sens-
ing methodologies, we have to link the ground surface status 
observed from the ground, air, or space to types of tillage prac-
tices. Although soil texture and smoothness can be one of the 
indicators for di¦erent tillage status, the amount of crop resi-
dues le¬ on the ground a¬er planting are o¬en considered as the 
most reliable indicator. Here, we list types of tillage practices 
and their expected crop residue cover according to CTIC and 
NRCS’s de¤nitions in Table 8.1. Globally, a systematic monitor-
ing of soil tillage is needed to manage the ¤nite soil resources as 
demand for food, feed, ¤ber, and fuel intensi¤es.

8.3  Monitoring with o ptical 
Remote Sensing

Optical remote-sensing imagery is valuable for monitoring bio-
physical properties of various objects on the Earth. Crop residue, 
although spectrally similar to soils, has a unique absorption fea-
ture near 2100 nm. �e absorption depth becomes deeper as the 
amount of crop residue increases. �us, optical remote-sensing 
imagery provides a better capability for estimating crop residue 

TABLe  8.1 Tillage Types and �eir Corresponding Crop Residue Cover

Tillage Category Tillage Types Description
Crop Residue 

Cover (%) 

Conservation No-till/
strip-till

Minimal soil 
disturbance (<25%)

>30 (likely 
>70)

Ridge till Residue left n the 
surface between 
ridges

>30

Mulch till 100% Soil surface 
disturbance

>30

Nonconservation Reduced till 15%–30% 15–30
Conventional 

till or 
intensive till

<15% <15
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cover than does radar data. �is section ¤rstly describes spectral 
properties of soils, green vegetation, and NPV, following with 
Section 8.3.2 on tillage spectral indices based on spectral dif-
ferences among soils, green vegetations, and NPV. Section 8.3.3 
reviews tillage assessment using di¦erent remote-sensing plat-
forms, followed by Section 8.3.4, which discusses current chal-
lenges and future possibilities.

8.3.1  Spectral Properties of Soils, 
Green Vegetation, and 
n onphotosynthetic Vegetation

Soil tillage intensity is de¤ned by the proportion of the soil sur-
face covered by crop residue shortly a¬er planting. Green veg-
etation may also be present in the ¤eld as the planted crop or as 
weeds. �is section focuses on the spectral properties of soils, 
green vegetation, and crop residues.

8.3.1.1 Spectral Properties of Soils

Soil re¨ectance typically increases monotonically with increas-
ing wavelength (Figure 8.1). Major contributors to the re¨ec-
tance spectra of soils include moisture content, iron oxide 
content, organic matter content, particle-size distribution, min-
eralogy, and soil structure (Baumgardner et al. 1986; Ben-Dor 
2002). Stoner and Baumgardner (1981) measured the spectral 
re¨ectance of 485 soil samples representing 10 soil taxonomic 

orders and identi¤ed 5 distinct soil re¨ectance curve forms. Soil 
organic matter content and iron oxide content were the primary 
factors determining shape of the re¨ectance spectra.

In general, soil re¨ectance decreases as soil moisture con-
tent, organic matter content, and iron oxide content increase. 
Spectral re¨ectance is strongly correlated with soil organic mat-
ter among soils from the same parent materials (Henderson 
et al. 1992). Re¨ectance spectra of soils may also have absorp-
tion features near 2210 nm that are associated with Al-OH in 
phyllosilicate clays (Figures 8.1 and 8.2) (Serbin et  al. 2009b). 
However, mineral absorption features evident in the re¨ectance 
spectra of dry soils are o¬en obscured by the strong absorption 
of water in the re¨ectance spectra of wet soils (Stoner et al. 1980; 
Daughtry et al. 2004).

Soil tillage roughens the soil surface and o¬en decreases 
soil re¨ectance, but the e¦ect is short-lived and soil re¨ectance 
increases as the soil surface is smoothed by precipitation or addi-
tional tillage operations (Irons et al. 1989). As water wets the soil 
surface and ¤lls pore spaces, soil re¨ectance decreases.

8.3.1.2 Spectral Properties of Green Vegetation

Re¨ectance of solar radiation from a dense canopy of actively 
growing green plants is characterized by three distinct regions: 
visible, NIR, and shortwave infrared (SWIR) (Figure 8.1). In 
the visible wavelength region (400–700  nm), chlorophyll and 
other leaf pigments strongly absorb blue and red wavelengths, 
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FIg u r e 8.1 Spectra of a soil, corn residue, and live corn canopy for the visible through SWIR and relative spectral response (RSR) for ASTER 
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which largely determines the re¨ectance and transmittance 
spectra (�omas and Gausman 1977). In the NIR wavelength 
region (700–1200 nm), there is very little absorption, and spec-
tral re¨ectance and transmittance are largely determined by leaf 
mesophyll structure and cell wall–air interfaces (Slaton et  al. 
2001). Re¨ectance and transmittance in the SWIR wavelength 
region (1200–2500  nm) are a¦ected primarily by the amount 
of water in the leaves (Hunt 1989; Yilmaz et al. 2008). �us, a 
distinguishing spectral characteristic of green vegetation is the 
steplike transition from low re¨ectance and low transmittance 
in the visible region to high re¨ectance and transmittance in 
the NIR (Figure 8.1). Soils and NPV lack this spectral feature. 
Spectral vegetation indices that exploit this fundamental spec-
tral feature are particularly sensitive to green vegetation, for 
example, the normalized di¦erence vegetation index (NDVI) 
(Rouse et al. 1973; Asrar et al. 1989).

8.3.1.3  Spectral Properties of n onphotosynthetic 
Vegetation

NPV broadly refers to any senesced vegetation and includes 
crop residues, which are the portions of a cultivated crop 
remaining in the ¤eld a¬er harvest. Initially, crop residues may 
completely cover the soil surface, but when the soil is tilled or 
the crop residues are harvested for feed or biofuel, crop residue 
cover decreases. Crop residues on the soil surface decrease soil 
erosion, increase soil organic matter, and improve soil quality 
(Lal et al. 1998). Quanti¤cation of crop residue cover is required 
to assess the e¦ectiveness and extent of conservation tillage 
practices.

�e re¨ectance spectra of both soils and crop residues lack 
the unique spectral signature of green vegetation (Figure 8.1). 
Crop residues and soils are spectrally similar and di¦er only in 
amplitude in the 400–1100 nm wavelength region, which makes 
quanti¤cation of crop residue cover by spectral re¨ectance chal-
lenging (Streck et al. 2002). Crop residues may be brighter than 
the soil shortly a¬er harvest, but as residues weather and decom-
pose, they may become either brighter or darker than the soil 
(Nagler et al. 2000; Daughtry et al. 2010). Residue water content 
also has impacts on its spectral properties. �e presence of water 
in crop residues decreases re¨ectance across all wavelengths 
(Daughtry 2001). �us, assessing crop residue cover with broad-
band multispectral data can be challenging and may require 
extensive local calibration data.

An alternative approach for discriminating crop residues 
from soils is based on detecting absorption features in the 
2100–2350 nm wavelength regions that are associated with cel-
lulose and lignin in crop residues (Workman and Weyer 2008). 
High residue water content can obscure the absorption feature 
at 2100  nm (Daughtry 2001). Increases in soil moisture con-
tent also decrease our ability to separate crop residue from soils 
(Daughtry 2001). �us, it becomes more di¶cult to discrimi-
nate crop residue from soils as residue and soil water content 
increases. As illustrated in Figure 8.2, these absorption features 
are not shared by common soil minerals but are obscured by the 
strong absorption of water o¬en present in soils, crop residues, 
and green vegetation, which can signi¤cantly attenuate the cel-
lulose and lignin absorption features (Daughtry and Hunt 2008; 
Serbin et al. 2009a).

8.3.2  Spectral indices for Assessing 
c rop Residue c over

Spectral vegetation indices designed for assessing green vegeta-
tion, such as NDVI, cannot distinguish soil and crop residues. 
Numerous tillage or residue indices use various combinations of 
visible, NIR, and shortwave multispectral bands to discriminate 
crop residues from soils. �e index best suited for crop residue 
cover estimation from single scenes is the cellulose absorption 
index (CAI), which speci¤cally targets this feature. It has the 
distinct advantage that crop residues always have CAI > 0, live 
vegetation ≈ 0, and soils ≤ 0 (Figure 8.3). �e CAI is de¤ned as 
the relative intensity of the absorption feature at 2100 nm, which 
is attributed to an O–H stretching and C–O bending combina-
tion in cellulose and other carbohydrates in crop residues. CAI 
is measured using three relatively narrow (10–30  nm spectral 
resolution depending on the sensors) spectral bands—two on 
the shoulders and one near the center of the absorption feature 
at 2100 nm (Nagler et al. 2000) (Table 8.2). CAI is e¦ective in dis-
criminating crop residues from soils for dry to moderately moist 
mixtures of crop residues and soils but less e¦ective for mixtures 
of wet crop residues and soils (Daugthtry 2001).

Additional spectral indices that also target the cellulose 
and lignin absorption features of crop residues have used the 
relatively narrow (30–90  nm) SWIR bands of the Advanced 
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Spaceborne �ermal Emission and Re¨ection Radiometer 
(ASTER) on the NASA Terra satellite, that is, the lignin cellulose 
absorption (LCA) and the shortwave infrared normalized di¦er-
ence residue index (SINDRI) (Daughtry et al. 2005; Serbin et al. 
2009c). For two-band normalized di¦erence indices (NDIs), the 
ASTER-based SINDRI performs well and targets a decrease in 
re¨ectance associated with cellulose and lignin features between 
ASTER SWIR bands 6 and 7 (Serbin et  al. 2009c; Table  8.2). 
However, SINDRI is sensitive to green vegetation (Figures  8.2 
and 8.3) and certain soil minerals (Figure 8.4), which also 

experience re¨ectance decreases between these bands, such 
that it may not work well for a limited number of soils or where 
emerged crops may be present (Serbin et al. 2013).

While Landsat �ematic Mapper (TM)/Enhanced �ematic 
Mapper (ETM) bands 5 and 7 and Landsat 8 Operational Land 
Imager (OLI) bands 6 and 7 are too wide and not properly placed 
to capture the cellulose absorption feature at 2100 nm, they can be 
used for tillage estimation via normalized di¦erence tillage index 
(NDTI) (van Deventer et al. 1997; Table 8.2). In addition to NDTI, 
NDI (McNairn and Protz 1993) and simple tillage index (STI) 
(van Deventer et al. 1997) are Landsat-based tillage indices. Serbin 
et  al. (2009a) showed that NDTI performed the best of several 
Landsat-based tillage indices but underperformed in comparison 
to CAI and the ASTER-based LCA. Furthermore, NDTI was found 
to lack adequate contrast for a number of soils with high content 
of kaolinite or smectite and had a much stronger signal for live 
vegetation than either crop residues or soil minerals (Figure 8.3). 
In Figure 8.3, the median values of NDTI for crop residues are 
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TABLe 8 .2 Selected Tillage Indices and �eir Calculation

Sensor 
Tillage 
Indices Formula Description References 

Landsat TM and ETM+ NDTI (B5 − B7)/(B5 + B7) B5, B7: Landsat bands 5 and 7. Van Deventer et al. (1997)
AVIRIS
Hyperion

CAI 100 × [0.5(R 2030 + 
R2210) − R2100]

R2030 and R2210 are the refl ctances of the shoulders at 2030 
and 2210 nm; R2100 is at the center of the absorption.

Daughtry et al. (2005)
Daughtry et al. (2006)

ASTER LCA
SINDRI

100(2 × B6 − B5 − B8)
(B6 – B7)/(B6 + B7)

B5, B6, B7, B8: ASTER shortwave infrared bands 5, 6, 7, 
and 8.

Daughtry et al. (2005)
Serbin et al. (2009a)
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consistently higher than the median values of surface soils. 
However, discrimination of some combinations of soils and 
crop residues may be di¶cult without adequate quantities of 
local data for calibration and validation. For example, the NDTI 
values of most crop residues may not di¦er signi¤cantly from 
NDTI values of soils with high content of kaolinite or smectite 
(Serbin et  al. 2009a). As the fraction of green vegetation in a 
scene increases, NDTI also increases, which alters the estima-
tion of crop residue cover. One approach is to exclude pixels 
with green vegetation using an NDVI threshold (�oma et al. 
2004; Daughtry et al. 2005). Another robust approach to reduce 
e¦ects of soil and green vegetation on estimates of crop residue 
cover is to identify the minimum NDTI (minNDTI) values from 
multitemporal NDTI data, because the minNDTI values were 
found to be well correlated with crop residue cover (Zheng et al. 
2012, 2013a). �is method was found to be similar in accuracy 

to single collects using SINDRI or CAI (Figure 8.5) (Zheng et al. 
2013a). However, as we can see in Figure 8.5 that minNDTI 
results in higher root mean squared errors (RMSE), NDTI is 
more subject to the negative in¨uences of soil moisture and soil 
organic carbon than SINDRI and CAI (Zheng et al. 2013a).

8.3.3  t illage Assessment Using 
Airborne and Satellite imagery

Until recently, most assessments of crop residue cover and till-
age intensity were snapshots of conditions using single dates 
of multispectral imagery. For example, various spectral indi-
ces using Landsat TM bands 5 and 7 successfully di¦erentiated 
conventional tillage from conservation tillage using logistic 
regression (van Deventer et al. 1997; Gowda et al. 2001). Other 
classi¤cation methods (e.g., minimum distance, Mahalanobis 
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distance, maximum likelihood, spectral angle mapping, and 
cosine of the angle concept) and data mining approaches (e.g., 
random forest classi¤er and support vector machine) have been 
examined for identifying two broad tillage categories (South 
et  al. 2004; Bricklemyer et  al. 2006; Watts et  al. 2008; Sudheer 
et al. 2010; Samui et al. 2012). �ese studies demonstrated the 
capability of Landsat TM imagery to discriminate between two 
broad tillage categories (i.e., conventional and conservation till-
age) (van Deventer et al. 1997; Gowda et al. 2001) but fell short of 
achieving the reliability and consistency required for operational 
applications. Based on previous studies, it remains unclear which 
classi¤cation approach performs the best in classifying tillage 
categories. Research also has been conducted to test the feasibil-
ity of estimating crop residue cover using Landsat data (McNairn 
and Protz 1993; �oma et al. 2004; Daughtry et al. 2006). �ese 
studies used single-date multispectral images and yielded mixed 
results. �e inconsistent results of these studies may be related to 
the spectral resolution of Landsat TM data, di¦erent image pre-
processing strategies to correct for atmospheric transmittance, 
spatial and temporal variations in soils, and green vegetation.

Tillage indices developed using hyperspectral and advanced 
multispectral (e.g., ASTER) data have provided consistent 
assessments of crop residue cover across years and study sites 
(Table 8.3; Figure 8.5). �ese tillage indices (e.g., CAI, SINDRI) 
detect absorption features associated with cellulose and lignin 
and are robust for discriminating crop residues from soils and 
green vegetation. However, the sensor systems with the appro-
priate spectral bands have very limited spatial and temporal 
coverage, which limits their usefulness for monitoring crop 
residue cover and tillage intensity over large areas. Finally, the 
SWIR bands of ASTER needed to characterize residue cover 
are no longer available due to detector failure in April 2008 
(NASA/JPL 2008). Spaceborne multispectral imagery, however, 

is favorable due to its ability to provide extended repetitive 
coverage of the Earth. Landsat TM/ETM+ imagery, thus, is 
extremely attractive for monitoring tillage practices and crop 
residue cover over large areas because it is freely available and 
provides a long-term synoptic view of the Earth with a 16-day 
revisit frequency.

Timing of image acquisition is very important for monitor-
ing agricultural resources because agricultural land surfaces 
change rapidly as growers prepare soils for planting and as 
crops emerge from soils, mature, and are harvested. It is well 
recognized that soil and residue status change rapidly during 
the planting season and vary in space and time (McNairn et al. 
2001; Watts et al. 2008), but tillage and crop residue mapping 
have been long treated as a one-time mapping e¦ort using 
only one image at a time, until Watts et  al. (2011) incorpo-
rated temporal dimensions into tillage mapping. Zheng et al. 
(2012) emphasized the need to consider varied timings of till-
age and planting in tillage mapping and signi¤cantly improved 
mapping accuracy using multitemporal Landsat imagery 
(Table 8.3). Minimum NDTI values were extracted from a time-
series Landsat image that included images from 1 to 2 months 
before expected planting date to 1–2 months a¬er planting date 
(Zheng et al. 2012). �e method was designated as minNDTI 
and forms an e¦ective way to minimize confounding e¦ects of 
green vegetation (Zheng et  al. 2012). Figure 8.6 shows a till-
age map and its corresponding NDTI values of Champaign 
County, Illinois. �e le¬ image in Figure 8.6 is the minNDTI 
values extracted from a time-series NDTI image. Agricultural 
¤elds managed with conservation tillage are relatively brighter 
because higher levels of crop residue cover result in higher 
NDTI values. �e multitemporal approach requires the use 
of surface re¨ectance Landsat data products, which are avail-
able from EarthExplorer (http://earthexplorer.usgs.gov/) and 

TABLe 8 .3 Summary of Studies in Crop Residue Estimation Using Remote-Sensing Imagery

Sensor na Image Dates Indices or Methods R2 References 

Landsat TM 266 4/18/1990 NDI 0.74 McNairn and Protz (1993)
Landsat ETM+ 468 03/28/2000 NDI 0.38 �oma et al. (2004)

06/03/2001 STI 0.47
11/10/2001 NDTI 0.48

Landsat TM 54 06/12/2004 NDI 0.14 Daughtry et al. (2006)
NDTI 0.11

SPOT Varied Varied Spectral unmixing 0.58–0.78 Pacheco and McNairn (2010)
Landsat TM 39 05/28/2008 0.69
Hyperion 54 05/03/2004 CAI 0.85 Daughtry et al. (2006)
Landsat TMb Varied Varied NDTI 0.004–0.64 Serbin et al. (2009c)
ASTERc Varied Varied LCA 0.39–0.86

SINDRI 0.61–0.87
Airborne hyperspectral data Varied Varied CAI 0.72–0.89
Landsat TM and ETM+ 31 Multitemporal minNDTI 0.89 Zheng et al. (2012)
Landsat TM and ETM+ Varied Multitemporal minNDTI 0.66–0.89 Zheng et al. (2013a)

a n denotes number of samples.
b Data were simulated using ASTER data when Landsat TM imagery was unavailable.
c Data were simulated using airborne hyperspectral data when ASTER imagery was unavailable.
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USGS EROS Science Processing Architecture (ESPA) ordering 
interface (https://espa.cr.usgs.gov). �e minNDTI approach 
was also applied to six additional datasets collected in di¦er-
ent regions of the United States and the technique was com-
parable to CAI and SINDRI in achieving similar classi¤cation 
accuracy of three tillage categories (Zheng et al. 2013a). Zheng 
et  al. (2013a) reported 68%–86% overall accuracies for three 
tillage categories—a signi¤cant improvement compared to 
42%–56% accuracies reported by �oma et al. (2004). However, 
the minNDTI approach cannot address the e¦ects of surface 
soil variability as its performance was degraded when applied 
to a larger geographical area. Nevertheless, a multitemporal 
approach has shown a substantial potential to track changes 
of tillage practices over time and space using freely available 
Landsat and Landsat-like data (Watts et al. 2011; Zheng et al. 
2012, 2013a).

8.3.4 Summary

8.3.4.1 c hallenges

�e primary challenges for operational tillage mapping using 
optical remote-sensing imagery include the following: (1) Revisit 
rates of moderate-spatial-resolution imagery are not frequent 
enough to capture the rapid changes in agricultural land sur-
faces during planting season, (2) there is limited spatial cover-
age of satellite hyperspectral imagery, (3) there are confounding 
e¦ects of soil background and green vegetation, and (4) there is a 
lack of transferability of locally developed models.

Landsat is currently the best satellite system to provide the 
capabilities for long-term and broadscale tillage assessment. 
Although the minNDTI technique showed promises in till-
age mapping at large scales, the 8-day revisit rate of combined 
Landsat 8 OLI and 7 ETM+ cannot guarantee adequate numbers 
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of cloud-free observations to capture the recently tilled surface. 
In tropical regions or other areas that have persistent cloud cover, 
one may be lucky to obtain two or three cloud-free images per 
year. �e data gap issues of Landsat 7 ETM+ imagery also pre-
vent rapid application of the minNDTI technique because addi-
tional image preprocessing skills are required to ¤ll the missing 
data. Zheng et al. (2013b) have presented an easy way to ¤ll the 
missing data for broadscale tillage mapping using the multiscale 
segmentation method. Landsat images with partial cloud cover 
can be incorporated into the time series; however, estimation 
of tillage status for the cloud-contaminated pixels could be less 
accurate, and a quality assessment map should be provided to 
inform users about locations of cloud and cloud shadow pixels 
(Zheng et al. 2014).

�e spatial and temporal adaptive re¨ectance fusion model 
(STARFM) (Gao et  al. 2006), which produces cloud-free syn-
thetic Landsat images with 30 m spatial resolution at Moderate 
Imaging Spectroradiometer (MODIS) temporal frequency, could 
be an alternative option to enhance temporal resolution for till-
age mapping. �e enhanced STARFM (Zhu et al. 2010), future 
improvement of data fusion techniques, and the higher quality of 
Landsat 8 and the European Space Agency (ESA) Sentinel-2 data 
could open possibilities to provide data optimized in both tem-
poral and spatial resolutions for tillage assessment. However, the 
potential to incorporate data fusion techniques into minNDTI 
technique to improve our ability to map tillage practices cur-
rently remains unknown and required for future investigation 
(Zheng et al. 2014).

Locally developed empirical models o¬en show degraded 
performance when applied to the same location over time or to 
a broader region. Variations in weather, soil, and terrain con-
ditions across landscape are the main reasons for the degraded 
performance when a model is extrapolated to new situations. 
Zheng et  al. (2013a) reported superior performance of local 
models than a universal model and highlighted negative impacts 
of local variation in terrain, moisture, and soil color upon crop 
residue estimation. �us, estimation of crop residue cover with 
broadband multispectral may require extensive local calibration 
data. Alternatively, the e¦ects of soil variation can be reduced or 
minimized using local soil-adjusted tillage indices (Biard and 
Baret 1997) or the spectral unmixing approach (Pacheco and 
McNairn 2010). �e spectral unmixing approach has the poten-
tial to map crop residue cover over large geographic regions as 
the approach is insensitive to variations in soil and residue when 
end-members are retrieved directly from the image (Pacheco 
and McNairn 2010). However, future work is required to exam-
ine how well the unmixing approach performs in the presence 
of green vegetation.

Much of the research to apply remote sensing to tillage assess-
ment has been developed in the context of midlatitude agri-
culture, characterized by distinct seasonal cycles, large ¤eld 
sizes, common use of monoculture, or reduced crop diversity, 
over large regions. In other regions of the world, or in irrigated 
regions, there may be a much larger range of crops, with a vari-
ety of planting and harvesting dates, not synchronized with 

each other, and smaller ¤eld sizes—in such situations, the tillage 
assessment task requires di¦erent strategies than may be e¦ec-
tive in midlatitude regions.

8.3.4.2 Future c apabilities

At the time of this writing, due to the limited availability of 
hyperspectral data, the minNDTI approach is probably the most 
e¦ective method to map tillage practices at broadscale using 
optical remote-sensing imagery. �e minNDTI can be applied 
to Landsat 7 ETM+ and Landsat 8 OLI, which together provides 
an 8-day observation cycle. The OLI imagery has potential to 
enhance our ability to accurately estimate crop residue cover 
with its narrower spectral bands and 12-bit dynamic range, as 
indicated by Galloza et al. (2013), who found that the Advanced 
Land Imager (ALI) has better capability to discriminate crop 
residues from soils than Landsat TM data.

�e upcoming launch of ESA Sentinel-2 satellite will provide 
enhanced Landsat-type data with <5-day revisit time. Sentinel-2 
is particularly useful for monitoring the rapid changes of agricul-
tural lands. Operational tillage assessment is likely to involve mul-
tisensor multidate image fusion and could be implemented using 
Landsat and Sentinel-2 data together. �e planned hyperspectral 
satellite missions, including ESA Environmental Mapping and 
Analysis Program (EnMAP) and NASA Hyperspectral Infrared 
Imager (HyspIRI), will also make contribution to large-scale till-
age assessment. �ese hyperspectral data can be used to calcu-
late CAI. Fusion of hyperspectral and multispectral images could 
estimate crop residue cover at the multispectral spatial extent 
with improved accuracy (Galloza et al. 2013). �e WorldView-3 
satellite launched in August 2014 includes SWIR bands equiva-
lent to ASTER SWIR sensor (DigitalGlobe, 2014), which can be 
used to derive SINDRI for crop residue estimation. �e very high 
spatial resolution (3.7 m) of WorldView-3 SWIR data will permit 
¤ne-scale assessment of crop residue cover, soil texture, and soil 
roughness.

8.4 Monitoring with SAR

8.4.1 introduction

SARs are considered active remote-sensing sensors as they gener-
ate pulses of energy that are propagated toward a target. SARs then 
record the energy scattered by the target, back toward the radar 
antenna. �e strength (intensity) of the received or backscattered 
signal is measured as sigma naught (σ0), expressed in decibels 
(dB). Since these sensors provide their own source of energy, 
SARs are able to collect data day or night. SARs generate energy 
at microwave frequencies (0.2–300 GHz), with Earth-observing 
SAR satellites typically operating at X-band (2.40–3.75  cm; 
8.0–12.5 GHz), C-band (3.75–7.5 cm; 4.0–8.0 GHz), and L-band 
(15–30 cm; 1.0–2.0 GHz) (Lewis and Henderson 1998) (Table 8.4). 
�ese lower frequencies are una¦ected by the presence of cloud 
and haze. Given this context and the sensitivity of microwaves to 
soil conditions, SARs are an important data source for mapping 
and monitoring tillage and residue.
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8.4.2 c ritical Variables for t illage Assessment

�e interaction of microwaves with a target and the characteris-
tics of the scatter that results from this interaction are a function 
of the condition of the target as well as the SAR sensor speci-
¤cations. SAR response is driven by the dielectric permittivity, 
roughness, and structural properties of the target. In the context 
of tillage monitoring, SARs are sensitive to small-scale rough-
ness and large macrostructures produced by farming imple-
ments, as well as volumetric soil moisture. In addition to their 
spatial resolution, SARs are characterized by their frequency, 
incidence angle, and polarization—con¤gurations that also 
a¦ect the target interaction.

8.4.2.1 Sensitivity of SAR to Soil c haracteristics

8.4.2.1.1 Surface Roughness
Random and periodic roughness determines the angular scat-
tering pattern with di¦use scattering increasing as roughness 
increases. For agricultural ¤elds, roughness is created by land 
management activities (principally tillage and seedbed prepara-
tion) modi¤ed over time by water and wind erosion. Roughness 
is de¤ned by two parameters: the root mean square (RMS) 
variance and surface correlation length (l). RMS describes the 
surface’s random vertical statistical variability relative to a ref-
erence surface; while correlation length is an autocorrelation 
function that measures the statistical independence of surface 
heights at two points (Ulaby et al. 1986). For very smooth sur-
faces, as expected from no-till ¤elds, the random roughness 
(RMS) is small and the height of every point is correlated with 

the height of every other point (hence l is large). In this case, 
most microwave energy is forward scattered and backscatter is 
low. Inversely randomly rough surfaces, created by tillage, result 
in more di¦use scattering with a greater proportion of the inci-
dent energy scattered back to the sensor. �ese surfaces have 
higher RMS, short correlation lengths, and higher backscatter.

8.4.2.1.2 Dielectric Permittivity
�e intensity of backscatter from soils is largely determined 
by the soil permittivity (dielectric constant), while the angu-
lar pattern of microwave scattering is governed by the surface 
roughness. �e permittivity ε is a frequency-dependent com-
plex quantity [ε( f ) = ε′( f )−jε″( f )], where the real component ε′ 
describes the polarizability of a material when an electric ¤eld is 
applied and the imaginary component ε″ energy losses (Hasted 
1973). Dielectric losses are due to relaxation ′′εref  and direct cur-
rent electrical conductivity σ in S/m: ε″( f ) = ′′εref( f ) + σ/2πfε0, 
where ε0 is the permittivity of free space (8.854·10–12 F/m). On 
agricultural ¤elds (without vegetation cover), scattering occurs 
at the air/soil boundary as a dielectric discontinuity exists at 
this interface. �e majority of dry soils have ε′ of 3–8, and bulk 
soil permittivity increases with water content. �is is due to the 
much greater, albeit frequency-dependent, permittivity of water, 
which at 1.4 GHz ranges from 84.1 – j10.7 at 5°C to 74.5 – j4.1 
at 35°C, 69.0 – j32.1 ~ 71.4 – j14.6 at 5.3 GHz, and 49.2 – j39.7 ~ 
65.1 – j23.7 at 9.6 GHz for pure water where s = 0 S/m for pure 
water where σ = 0 S/m. Increases in either part of the permittiv-
ity will increase soil re¨ectivity. Electromagnetic wavelength is 
an inverse function of ε′; thus the wavelength becomes shorter 

TABLe 8 .4 Selected Civilian Spaceborne Radar Sensors

Frequency 
(in GHz) Sensor Polarizationa 

Incidence 
Angle (°) Resolution (m) Swath (km) Dates of Operation 

X 8.600 COSMO-SkyMed 1
COSMO-SkyMed 2
COSMO-SkyMed 3
COSMO-SkyMed 4

SP, DP
SP, DP
SP, DP
SP, DP

25–50 1–100 10–200 2007–
2007–
2008–
2010–

8.650 TerraSAR-X SP, DP, QP 15–60 0.25–40 4–270 2007–
8.650 TanDEM-X SP, DP, QP 15–60 0.25–40 4–270 2010–

C 5.300 RADARSAT-1 SP (HH) 10–60 8–100 45–500 1995–2013
5.300 ERS-2 SP (VV) 20–26 30 100 1995–2011
5.331 Envisat ASAR SP, DP 15–45 10–1000 5–405 2002–2012
5.350 RISAT-1 SP, DP, QP, CP 12–55 1–50 25–223 2012–
5.405 RADARSAT-2 SP, DP, QP 10–60 3–100 18–500 2007–
5.405 RADARSAT Constellation SP, DP, QP, CP 10–60 1–500 5–500 2018
5.405 Sentinel 1A SP, DP 20–45 5–40 80–400 2014–

Sentinel 1B SP, DP 20–45 5–40 80–400 2016
L 1.200 ALOS/PALSAR-1 SP, DP, QP 8–60 10–100 20–350 2006–2011

1.200 ALOS/PALSAR-2 SP, DP, QP, CP 8–60 1–100 25–490 2014–
1.260 SMAP SP, VV/HH/HVb 40 1–3 (km) 1000 2015–
1.275 SAOCOM 1A SP, DP, QP, CP 17–51 10–100 20–350 2015

SAOCOM 1B 2016

a In the polarization column, SP = single polarization, DP = dual polarization, QP = quadrature polarization, and CP = compact 
polarization.

b SMAP has now been launched. �us this should say “SMAP acquires radar imagery simultaneously in VV, HH, and HV.
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within the soil as it becomes wetter. As backscatter intensity 
is a function of permittivity, a strong linear relationship exists 
between soil moisture and  backscatter. �e depth of sensitivity 
within the soil volume is dependent upon three parameters: the 
SAR con¤guration, soil moisture, and bulk soil ε″. Penetration 
depth is an inverse function of bulk soil permittivity and, thus, 
soil moisture and conductivity. Consequently, SARs respond to 
moisture over deeper volumes as soils dry. Regardless, sensitiv-
ity is still near surface with this depth approximately equivalent 
to the microwave wavelength (Boisvert et al. 1995).

8.4.2.1.3 Residue
If vegetation (green or senesced vegetation or postharvest resi-
due) is present, SAR response will be a¦ected if water is present 
in the vegetation. Residue is considered “dead” vegetation, and 
thus its e¦ect on backscatter is o¬en assumed insigni¤cant, e¦ec-
tively transparent to the incident microwaves. �is assumption 
has proven invalid in circumstances where residue retains water. 
�e impact of residue on backscatter varies depending upon the 
volume of water held, a function of the amount and type of resi-
due (McNairn et al. 2001). Jackson and O’Neill (1991) reported 
that residue can retain signi¤cant moisture with McNairn et al. 
(2001) measuring up to 60% and 40%–50% moisture in corn and 
barley residue, respectively, following rain events.

8.4.2.1.4 Row Direction
Land management practices (planting, harvesting, and tillage) 
can create row e¦ects and row direction relative to the radar look 
direction impacts SAR response. When row direction is perpen-
dicular to the look direction, SAR response is stronger when 
compared to a look direction parallel to rows (Beaudoin et al. 
1990; McNairn et al. 1996). Producers follow a rectangular pat-
tern operating parallel to the long and short axes of ¤elds. �is 
practice creates a “bow-tie” e¦ect visible on SAR imagery where, 
within a single ¤eld, backscatter is signi¤cantly higher for the 
axis of the ¤eld oriented perpendicular to the sensor.

8.4.2.2 impact of SAR c on�guration

SAR sensors are de¤ned by three con¤gurations—frequency 
(GHz, or cm, if characterized as free-space wavelength), inci-
dence angle (degrees), and polarization. �ese con¤gurations 
a¦ect how microwaves interact with the target in terms of 
backscatter intensity and scattering characteristics. SAR con-
¤gurations can be selected to maximize sensitivity to the tar-
get property of interest (soil moisture, surface roughness, or 
residue). Alternatively, as these properties are confounded in the 
microwave signal, multiple con¤gurations can be used together 
to resolve individual contributions.

8.4.2.2.1 Frequency
As well as a¦ecting penetration depth, SAR frequency deter-
mines sensitivity to surface roughness. �us, surface roughness 
must be considered relative to frequency. Surfaces are de¤ned 
as rough or smooth according to the Rayleigh criterion. Surfaces 
are smooth if h < λ/25 sinτ and rough if h > λ/4.4 sinτ where 

h is the RMS, λ is the wavelength, and τ is the depression angle 
(Sabins 1986). Assuming ¨at terrain, τ is the complement of the 
incidence angle (θ = 90−τ). In practice, this means that a ¤eld 
will appear rougher (higher backscatter) at shorter wavelengths 
(i.e., X-band) than at longer wavelengths (i.e., L-band). With 
this strong dependency, the choice of wavelength is especially 
important when monitoring tillage. Short-wavelength (high-
frequency) SARs will see many ¤elds as rough and thus may not 
di¦erentiate among tillage classes at the upper ranges of rough-
ness. Several studies (Pacheco et  al. 2010; Aubert et  al. 2011; 
Panciera et al. 2013) reported that X-band data from TerraSAR-X 
were not well suited for roughness mapping when RMS was 
high. Panciera et al. (2013) found that TerraSAR-X backscatter 
was sensitive to roughness (RMS), which fell between 0.5 and 
1.5 cm, but that the signal saturated beyond 2 cm. Conversely, 
large-wavelength (low-frequency) SARs may view even tilled 
¤elds as smooth. Nevertheless, numerous studies have reported 
sensitivity of C- and L-band responses to roughness and residue 
(McNairn et al. 2001, 2002; Baghdadi et al. 2008). Baghdadi et al. 
(2008) compared three frequencies (X-, C-, and L-band) demon-
strating that sensitivity to roughness increased with wavelength.

8.4.2.2.2 Incidence Angle
Regardless of the target, backscatter decreases with increas-
ing incidence angle, which is de¤ned as the angle between the 
radar beam and a line perpendicular to the surface. �e rate of 
decrease is target dependent, with backscatter decreasing with 
angle at a higher rate when soils are smooth. �is di¦erential rate 
of decrease can be used to separate smooth from rough ¤elds, if 
¤elds are imaged at contrasting incidence angles (McNairn et al. 
1996). As simultaneous multiangle data are typically unavail-
able from spaceborne SARs, a simpler approach is to select an 
incidence angle that maximizes sensitivity to surface roughness. 
Steeper (smaller) angles minimize roughness contributions to 
backscatter and are thus more suited to estimate soil moisture, 
while shallower (larger) angles maximize roughness e¦ects on 
backscatter (McNairn et  al. 1996). Similarly, larger angles are 
more sensitive to residue as soil moisture contributions are mini-
mized, and more microwave interaction occurs with residue at 
these angles (McNairn et al. 2001). Although these larger angles 
are more suited to roughness and residue applications, contribu-
tions from soil moisture are not completely eliminated. Aubert 
et  al. (2011) noted that the range in X-HH backscatter due to 
surface roughness increased as incidence angle increased, with 
backscatter varying 3.5 and 1.9 dB at angles of 50° and 25°, respec-
tively. Baghdadi et al. (2008) reported a slightly larger range in 
X-band backscatter (5.5 dB at 50°–52° and 4 dB at 26°–28°).

8.4.2.2.3 Polarization
Polarization is defi ed by the orientation of the electric fi ld 
vectors of the transmitted and received electromagnetic wave. 
Polarization should be considered relative to the target structure 
and response interpreted according to the characteristics of scat-
tering from the target, including the sources of scattering and 
the randomness of the scatter. Scattering is categorized as single 
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bounce (surface), multiple (volume), or double bounce. Targets 
usually produce more than one type of scattering although typi-
cally one source dominates. For smooth soils devoid of residue, 
surface single-bounce scattering dominates. Rough soils result 
in multiple scattering of microwaves. Residue (depending on the 
amount and water content) also causes multiple scattering and, 
if residue is vertically oriented, double-bounce events may also 
contribute.

Most SAR sensors transmit and receive microwaves in 
the horizontal (H) and/or vertical (V) linear polarizations 
(Table  8.4). Early satellites transmitted and received micro-
waves in a single linear polarization (European Remote Sensing 
[ERS]-1 and 2 [VV], Japanese Earth Resources Satellite [JERS]-1 
[HH], and RADARSAT-1 [HH]). Next-generation sensors (i.e., 
Advanced Synthetic Aperture Radar [Envisat ASAR]) transmit-
ted and/or received in both linear polarizations, which permit-
ted acquisition of like (HH and/or VV) and cross (HV or VH) 
polarizations. When targets are physically oriented parallel to 
the polarization of the incident wave, greater microwave inter-
action occurs. �is is most obvious for targets like crops where 
their vertical structure aligns well with vertical transmitted 
waves. Consequently, a VV con¤guration provides more infor-
mation on crops than HH. For soils without residue, horizontal 
or vertical orientation is absent and thus HH and VV backscat-
ter is correlated. A linear cross polarization response (HV or 
VH) results when the transmitted wave (i.e., H) is repolarized 
to its orthogonal polarization (i.e., V). Repolarization of H to 
V (or V to H) occurs as a result of multiple scattering (at least 
two bounces), and thus a target must be able to cause more than 
a single scatter event to elicit an HV or VH response. Smooth 
soils, devoid of structure, are dominated by single-bounce for-
ward scattering and produce very low cross-polarized back-
scatter. For soils with random roughness or residue (assuming 
moisture in the residue), incident waves experience multiple 
scattering and higher cross polarization response is observed. 
McNairn et al. (2001) reported that, of all the linear polariza-
tions, the cross polarization was most sensitive to the amount of 
residue. �e cross polarization has the advantage of being insen-
sitive to planting, harvesting, or tillage row direction (McNairn 
and Brisco 2004). �is is important considering that Brisco et al. 
(1991) established that row direction from tillage signi¤cantly 
impacted like-polarized backscatter.

8.4.2.2.4 Polarimetry
Some satellites (i.e., ALOS PALSAR, RADARSAT-2, and 
TerraSAR-X) are polarimetric capable. Polarimetric sensors cap-
ture the complete characterization of the scattering ¤eld mean-
ing that they record all four mutually coherent channels (HH, 
VV, HV, and VH), with phase information between orthogonal 
polarizations retained and processed. Any linear, elliptical, or 
circular polarization can be synthesized from polarimetric 
data. Circular polarizations are described by their handedness 
(direction of rotation) relative to the observer. Right-handed 
circular waves (R) rotate clockwise (relative to observer), while 
le¬-handed waves (L) rotate counterclockwise. �e application 

of circular polarizations for agriculture has received limited 
attention although for soils, circular and linear backscatter is 
highly correlated (Sokol et  al. 2004). As with linear polariza-
tions, multiple scattering must occur to change the handedness 
of the transmitted circular polarization. Roughness or residue 
can cause two or more bounces, changing the handedness and 
resulting in a higher circular copolarization (RR or LL) response 
(recall rotation is de¤ned relative to the observer). Indeed, 
de  Matthaeis et  al. (1992) observed high circular cross-polar-
ized backscatter (LR) returns for surfaces with dominant sur-
face scattering. Circular copolarized (RR) backscatter increases 
when the mechanisms producing volume scattering dominate 
(McNairn et al. 2002).

Polarimetric data can be processed to extract additional 
parameters, which characterize scattering and thus tillage and 
residue conditions. SARs transmit completely polarized waves 
but with multiple scattering, microwaves become completely 
or partially depolarized. �e degree of depolarization (or pro-
portion of unpolarized energy) is indicative of the randomness 
of scattering within the target. Smooth soils create little depo-
larization (Evans and Smith 1991). �e degree of depolariza-
tion increases with roughness and residue cover as the phase 
becomes unpredictable from point to point within the target. 
�e degree of depolarization can be measured by pedestal height 
with height increasing as roughness increases or in the presence 
of residue (van Zyl 1989; de Matthaeis et al. 1991; McNairn et al. 
2002; Adams et  al. 2013a). Adams et  al. (2013a) also reported 
that the dynamic range of the degree of polarization (ΔPOL) 
was sensitive to roughness and residue. ΔPOL is the di¦erence 
between the maximum and minimum degree of polarization 
and re¨ects the heterogeneity of scattering mechanisms within 
the target (Touzi et al. 1992).

Absolute phase (φ) of a scattered wave is a function of dis-
tance from the target and carries no target scattering informa-
tion (Langman and Inggs 1994). However, the di¦erence in the 
phase between two orthogonal polarizations (i.e., H and V) is 
of interest for tillage monitoring. Shi¬s in the phase (charac-
terized by the copolarized phase di¦erence [PPD] [φVV − φHH]) 
occur due to double-bounce or multiple scattering. For smooth 
soils with minimal contributions from multiple scattering, HH 
and VV are in phase and mean PPD is close to zero (Evans et al. 
1988). A vertical structure can cause a double bounce and here 
PPD values approach 180° (de Matthaeis et al. 1991). Large phase 
di¦erences are typically associated with cropped ¤elds although 
high PPD values have been observed for standing senesced crops 
(McNairn et al. 2002). Ulaby et al. (1987) reported that plowed 
and disked ¤elds, as well as those with corn and soybean residue, 
had a mean PPD close to zero. However, the standard deviation 
of the phase di¦erence among the disked, plowed, residue and 
standing crops was very di¦erent. �ese results were con¤rmed 
by McNairn et  al. (2002) where multiple scattering in residue 
caused a highly varying PPD with a noise-like distribution for 
these ¤elds. �e copolarized complex correlation coe¶cient 
(ρHH–VV) measures the decorrelation of the phase and some sen-
sitivity to residue has also been reported (Adams et al. 2013a).
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Methods that decompose the SAR signal have drawn consider-
able interest with the Cloude–Pottier (Cloude and Pottier 1997) 
and Freeman–Durden (Freeman and Durden 1998) decomposi-
tions showing sensitivity to tillage and residue. Cloude–Pottier 
decomposes the signal into a set of eigenvectors (which character-
ize the scattering mechanism) and eigenvalues (which estimate the 
intensity of each mechanism) (Alberga et al. 2008). From the eigen-
values, entropy (H) and anisotropy (A) are calculated. H measures 
the degree of randomness of the scattering (from 0 to 1); values 
near zero are characteristic of single scatter targets (i.e., smooth 
soils). Rough soils and those with residue have larger contribu-
tions from multiple scattering. �is increase in randomness of 
scattering is measured as an increase in H. Anisotropy estimates 
the relative importance of the dominant scattering mechanism 
and the contribution from secondary and tertiary scattering 
mechanisms. Zero A identi¤es two mechanisms of approximately 
equal proportions, while values approaching 1 indicate that the 
second mechanism dominates the third (Lee and Pottier 2009). 
�e Cloude–Pottier decomposition also calculates the average 
alpha (α) angle (0°–90°), which identi¤es the dominant scattering 
source (Alberga et al. 2008). Smooth soils with single-bounce scat-
tering have angles close to 0°, volume scatterers close to 45°, and 
double bounce nearing 90°. Adams et al. (2013a) reported that H 
and α were  signi¤cantly correlated with roughness and percent 
crop residue. �e Freeman–Durden decomposition separates the 
total power of every SAR resolution cell into contributions from 
three scattering mechanisms—volume (multiple), double-bounce, 
and single-bounce (surface) scattering. Adams et al. (2013b) dem-
onstrated that H, α, and the Freeman–Durden multiple scatter-
ing could statistically separate ¤elds with di¦erent harvesting, 
tillage, and residue conditions, particularly at higher incidence 
angles (49°). In addition, the best separability was found between 
unharvested or ¤elds not tilled and conventionally tilled ¤elds; 
¤elds under conservation tillage were confused with other tillage 
classes (Adams et al. 2013b).

8.4.3 Methods

8.4.3.1 c hange Detection and c lassi�cation

Change detection identi¤es and measures di¦erences between 
two (or more) images, indicated by a change in SAR response 
or in derived surface properties (roughness, residue). Several 
SAR metrics can be used to capture change and include (1) 
incoherent SAR backscatter (HH, VV, HV, and VH), (2) degree 
of polarization, (3) copolarized phase parameters, (4) decom-
position parameters, and (5) coherent change. When change 
is measured directly from SAR response, consideration must 
be given to the confounding e¦ects of target parameters, SAR 
con¤guration, and sensor calibration. To isolate change in SAR 
response due to roughness (or residue), soil moisture must not 
vary and thus the period between acquisitions should be mini-
mized. Since frequency, incidence angle, and polarization a¦ect 
target interaction, images must have the exact same SAR con-
¤guration. For spaceborne SARs, this means using exact repeat 
orbits. Constellations of satellites (such as the planned Canadian 

RADARSAT Constellation) will be of interest for change detec-
tion since repeat acquisitions in the same SAR con¤guration will 
be possible within a short period of time. Finally, SARs must be 
well calibrated; scene to scene calibration of spaceborne sensors 
is typically well below 1 dB. If changes in derived properties 
(roughness, residue) are used, errors in methods or model per-
formance will be carried forward in the change detection pro-
cess. Whatever metric is adopted, interpretation of the change 
is required. �is means that a threshold must be determined, 
above which change is considered signi¤cant. In addition, 
change must be linked to information meaningful for tillage 
monitoring (type of implement used, tillage or residue class, 
change in residue amount).

McNairn et  al. (1998) applied a simple change detection 
approach to a pair of RADARSAT-1 (HH) images acquired 
one  week apart. �e incidence angle di¦erence between the 
Standard Mode 2 and 3 images was limited to 6° and was con-
sidered of secondary importance. In the one week separating 
the ¤rst from second acquisition, C-HH backscatter remained 
stable (average di¦erence of 0.7 dB) for ¤elds not tilled. No rain 
fell during the week, and the small di¦erence was attributed to 
the 6° di¦erence in angles. For ¤elds that were tilled, the aver-
age change (increase) in backscatter was 5.6 dB. �is technique 
(Figure 8.7) enabled the identi¤cation of broad conservation 
tillage classes (no-till, intermediate, and tilled) and ¨agged 
¤elds where harvesting and tillage had occurred. Hadria et al. 
(2008) combined SAR (Envisat ASAR) and optical data to clas-
sify broad categories of tillage. �e authors used a combination 
of image thresholding and decision tree classi¤cation. Envisat 
ASAR was especially helpful at di¦erentiating smooth surfaces 
(no-till) from other rougher (tilled) surfaces.

Coherent change detection (CCD) exploits the coherence 
between two polarimetric complex images acquired at diffe ent 
times but in the same imaging geometry (Milisavljević et al. 2010). 
A pixel-by-pixel correlation of the coherence between the images 
reveals changes in the target; if no change has taken place, the 
pixels remain correlated. �is technique requires that the target 
is coherent, allowing changes in coherence from image to image 
to be measured. Random phase characterizes most distributed 
natural targets like forests and crops. �ese targets typically have 
low coherence and are not ideal candidates for this method. As 
well, external eff cts like wind can cause these targets to tempo-
rally decorrelate. Polarimetric interferometric (PolInSAR) may 
be useful in optimizing coherence for detecting change in dis-
tributed targets like crops (Li et al. 2014). Although CCD for till-
age change detection has not been explored, this approach may 
be capable of observing changes from tillage activities.

8.4.3.2 Semiempirical and Physical Models

Physical scattering models estimate backscatter using the soil’s 
physical properties and sensor con¤gurations. Soil properties 
include the dielectric constant, RMS, and correlation length. 
�e small perturbation and Kirchhoff models (geometrical 
optics and physical optics models) are two common physical 
models. However, these models are not suited to targets with 
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multiple sources of scattering and large ranges of roughness, as 
expected from agricultural ¤elds. �e Integral Equation Model 
(IEM) (Fung et al. 1992) integrates these two models and is bet-
ter adapted for targets with surface and multiple scattering and 
with roughness ranging from smooth to rough.

�e goodness of ¤t between backscatter predicted by the 
IEM and that observed by SARs has varied depending on the 
roughness, frequency, and incidence angle. Speculation has been 
that in many cases, the error in IEM-simulated backscatter is 
due to inaccurate representation of the correlation length (l), a 
parameter di¶cult to adequately measure in the ¤eld (Merzouki 
et al. 2010). As a solution, Baghdadi et al. (2004) proposed a cali-
brated version of the IEM, introducing an optimum correlation 
length (lopt). �e optimum correlation length is derived from a 
set of equations that relates correlation length (l) to RMS, as a 
function of polarization and incidence angle (Baghdadi et  al. 
2006). Simulated backscatter from the calibrated IEM has more 
closely matched backscatter from the C-band SAR backscatter 
(Merzouki et  al. 2010). Figure 8.8a is an example of a surface 
roughness (RMS height [hRMS]) map derived from this study 
(Merzouki et al. 2010). Rahman et al. (2008) also derived surface 
roughness over sparsely vegetated ¤elds using Envisat ASAR 
and the IEM in a multiangle approach. �e image-derived 
RMS (2.19 cm) overestimated the ¤eld-derived RMS (0.79 cm) 

(Figure 8.8b). �e subsurface rock fragments may have caused 
multiple bounce interactions, thus increasing response and gen-
erating a larger radar-perceived roughness (Rahman et al. 2008).

Inversion of the IEM or calibrated IEM is di¶cult due to the 
complexity of the model. As well, multiple unknowns in the 
IEM (dielectric constant, RMS, and l) and the calibrated IEM 
(dielectric constant and RMS) require multiple sources of SAR 
information. In this case, a lookup table (LUT) approach can 
be used to estimate roughness or dielectric from SAR response 
(Merzouki et  al. 2011). Forward runs of the model are used 
to create the LUTs with incremental steps in dielectric, RMS, 
l, and incidence angle and their modeled backscatter (in HH 
and VV). Direct search functions are used to ¤nd the LUT 
entry that minimizes the di¦erence between the measured 
(from SAR sensor) and modeled (from IEM) backscatter. �is 
LUT entry provides the model estimate of soil dielectric and 
surface roughness. With multiple unknowns, multiple SAR 
con¤gurations are needed to solve the IEM (three unknowns) 
or calibrated IEM (two unknowns). Typically, SAR data 
acquired at two polarizations (i.e., HH and VV) are used with 
the calibrated IEM. With a third unknown (l), an additional 
source of backscatter is needed to implement the original 
IEM. One approach is to use SAR data acquired at two polar-
izations (HH and VV) and two contrasting incidence angles.
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FIg u r e 8.7 Detection of tillage and harvesting activities using RADARSAT-1 over an agricultural site in Canada (Altona, Manitoba). Standard 
beam mode images were collected on October 10 (a) and October 17 (b) in 1996. A di¦erence image (c) and a change detection product (d) were 
produced from the backscatter. (Adapted from McNairn, H. et al., Can. J. Remote Sens., 24, 28, 1998.)
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�e Oh (Oh et al. 1992; Oh 2004) and Dubois (Dubois et al. 
1995) models are semiempirical models created from the collec-
tion of large experimental datasets and subsequently empirically 
relating soil dielectric (directly or via the Fresnel re¨ectivity), 
RMS, the wavelength (through the wave number), and the inci-
dence angle to SAR backscatter. Oh modeled backscatter from 
all three linear polarizations (HH, VV, and HV) and for three 
frequencies (X, C, and L). In contrast, the Dubois model uses 
only the copolarized backscatter (HH and VV) and was devel-
oped using data collected only at L-band. As with the IEM, the 
Oh model can be inverted using a LUT. �e Dubois model is 
easily inverted by solving the model’s two backscatter equations. 
Because these models were created with experimental data, 
application of these models to target conditions or SAR con¤g-
urations beyond those of the experimental data used to create 
them may yield uncertain results. Indeed, Merzouki et al. (2010) 
found that these models tended to overestimate backscatter 
when modeled backscatter was compared to that measured by 
RADARSAT-2, which would lead to an overestimation of RMS. 
�e Oh model resulted in larger errors between modeled and 
measured backscatter on smoother ¤elds (<2  cm). Conversely, 
errors were greater on rougher ¤elds (>1.5 cm) for the Dubois 
model.

Hajnsek et  al. (2003) developed a model to invert surface 
roughness by coupling a Bragg scattering term and a rough-
ness variable derived from the scattering entropy, anisotropy 
and alpha angle. �is model was validated against airborne 
polarimetric L-band (E-SAR) data and yielded low RMSE (19%). 
Figure 8.9 shows a roughness map created using this approach.

8.4.4  Linking Radar Products 
to t illage information

SAR sensors can provide information on roughness (RMS) and 
residue, as well as changes in these conditions. However, to be 
meaningful, roughness and residue must be linked to informa-
tion of interest such as tillage implement or tillage class. �is 

linkage is required for applications such as watershed man-
agement, soil erosion risk assessment or estimation of carbon 
sequestration. Establishing this linkage is not a simple task given 
the complexity and dynamics of tillage activities. Producers use 
a combination of tillage implements and tillage occurs peri-
odically and at a range of soil depths and directions. Tillage-
induced roughness also varies depending upon soil texture and 
moisture and is modi¤ed over time by erosion events. Winter 
crops and weeds present on ¤elds also complicate tillage map-
ping. How to link SAR-derived products and tillage informa-
tion will vary depending on the approach used to create these 
products. For example, if models are used to estimate roughness 
(RMS), an association between RMS and tillage operation could 
be established. Such an approach was proposed by Jackson et al. 
(1997). However, the roughness (RMS) created by each tillage 
implement, and sequences of tillage applications, is likely to vary 
¤eld to ¤eld due to soil conditions, erosion, and characteristics 
of the implement itself. Consequently, a much larger database of 
roughness responses to tillage is required, and these data must 
be acquired over regions with varying tillage systems. For exam-
ple, Pacheco et  al. (2010) found that in eastern Canada, some 
conservation tilled ¤elds (chiseled plowed) had greater rough-
ness (RMS) than conventional tilled ¤elds (moldboard plowed). 
As well, RMS varied greatly within the chisel class, creating con-
fusion when attempting to use backscatter to identify classes. 
Classi¤cations or change detection approaches typically identify 
broad tillage classes (untilled, conservation, and conventional). 
While these classes may be useful for some mapping applica-
tions (identifying adoption of no-till for carbon sequestration), 
they may not be adequate for others (erosion modeling).

8.4.5 Summary

Given the dynamics of tillage activities during the preseeding and 
postharvest seasons, SAR sensors can be a valuable data source 
for time-critical applications (McNairn et al. 1998). With longer 
wavelengths, SAR data acquisition is una¦ected by atmospheric 
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FIg u r e 8.8 Surface roughness maps derived from radar images and the IEM over two agricultural sites: an area within the Red River Watershed 
in Southern Manitoba in Canada (a) and Walnut Gulch Experimental Watershed in Arizona in the United States (b). �e surface roughness 
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Watershed. (Adapted from Rahman, M.M., et al., Remote Sens. Environ., 112(2), 391, 2008, doi:10.1016/j.rse.2006.10.026.)
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conditions such as cloud cover and haze. �e   number of SAR 
satellites in orbit continues to increase and the engineering 
behind these satellites has led to a greater diversity in SAR con-
¤gurations. �is means that users now have choices in incidence 
angle and polarization and, in some cases, access to polarimetric 
data (Table 8.4). Research has demonstrated that success in this 
application will be best achieved when data can be accessed at 
more than one frequency and polarization. �e choice of inci-
dence angle and polarization is clear with researchers agreeing 
that shallower angles and cross polarizations are best for rough-
ness and residue mapping. The availability of polarimetric-
capable sensors is relatively recent, and thus more research is 
needed to develop methods to exploit these complex data. �e 
primary challenge is the coupling of roughness, soil moisture, 
and residue in the SAR response. �is coupling complicates 
the extraction of tillage information from the signal but can 
be accomplished by exploiting SAR data acquired at multiple 
con¤gurations (frequency, angle, or polarization). Planned, and 
recently launched, satellites include the C-band RADARSAT 
Constellation (Canada), C-band Sentinel-1A and B (ESA), and 
L-band SAOCOM-1A and B (Comisión Nacional de Actividades 
Espaciales (CONAE)) (Table 8.4). �ese satellites will provide 
frequent data at a range of angles and polarizations and promise 
to provide an important source of data for monitoring tillage.

8.5 Review and o utlook

�is chapter has summarized recent progress to advance appli-
cations of remote-sensing technologies to broadscale assessment 
of tillage status. Nonetheless, important challenges remain. 
Here we recap some of the key elements of current research to 
apply remote-sensing technologies to broadscale, site-speci¤c 
tillage assessment and then highlight some of the principal chal-
lenges this e¦ort faces as further research progresses (see also 
Zheng et al. 2014).

Optical remote sensing and SAR data provide di¦erent capa-
bilities for tillage assessment. Whereas optical remote-sensing 
imagery provides the spectral basis for detection of crop residues 
on soil surface, SAR data provide information on soil physical 
properties, such as roughness and texture, which can reveal the 
nature of tillage practices. With the presence of green vegetation, 
both SAR and optical remote-sensing data have di¶culties to dis-
criminate di¦erent tillage categories. Remotely sensed imagery 
sensitive to radiation near 2100 nm cellulose absorption bands 
provides the best opportunity to estimate crop residue cover and 
to map tillage practices. In this context, the best three tillage 
indices are CAI, SINDRI, and NDTI. Because current satellite 
hyperspectral systems cannot provide systematic spatial cover-
age, at present, multispectral imagery now forms the preferred 
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candidate for a broadscale tillage assessment. Multitemporal 
imagery is required to provide accurate assessment on tillage 
practices for regions with diverse crop calendars—a range of 
dates for soil preparation and planting schedules. �e upcom-
ing launch of several new satellite systems with optical sensors 
will o¦er solid opportunities to enhance our ability to monitor 
rapid changes of agricultural lands, providing timely, and low-
cost, information for monitoring site-speci¤c tillage assessment.

8.5.1 c hallenges—o ptical Systems

As noted previously, optical systems provide capabilities for 
monitoring tillage in a systematic manner. Yet they are subject 
to disruptive in¨uences of soil moisture variations and uneven 
terrain. Possible solutions include (1) development of terrain and 
soil data layers that can guide interpretations of image data in 
such areas and (2) development of specialized indices or other 
strategies to detect or adjust for spectral variations caused by 
these e¦ects. Further, although current systems can provide 
revisit intervals adequate in key agricultural regions, these capa-
bilities may not be adequate in other regions, where higher cloud 
cover may require more frequent revisit capabilities to acquire 
cloud-free coverage necessary for the temporal sequences 
required for the minNDTI strategy.

From evaluation of the SINDRI and CAI tillage indices, we 
know that carefully, and narrowly, de¤ned spectral channels are 
e¦ective in tillage assessment. However, it seems unlikely that 
future satellite systems are likely to incur the costs of designing 
and operating new bands to support a single application mis-
sion. As a result, future opportunities for optical tillage assess-
ment seem likely to be based on the NDTI model (which relies 
upon broadly de¤ned spectral channels, but ones that support 
a range of application missions), relying upon the sequential 
imagery to apply strategies, such as the minNDTI.

8.5.2 c hallenges—SAR Systems

Although speci¤c strategies for application of SAR for monitor-
ing tillage status are still under development, it has great potential 
for systematic tillage assessment, in part because of its ability to 
acquire data in the presence of cloud cover and the potential to 
extract a suit of terrain measurements as part of a tillage assess-
ment mission. As reported here, current research has been suc-
cessful in applying radar fundamentals to the tillage assessment 
task, although the multiplicity of system variables that interact 
with each other and with the landscape o¦ers challenges in isolat-
ing tillage information. �e SAR tillage e¦ort has yet to scale cur-
rent ¤ndings to examine larger regions, allowing identi¤cation of 
unexpected e¦ects of local terrain, interactions between agricul-
tural practices, and the geometries of varied SAR satellite systems.

8.5.3 c hallenges—Sequential o bservations

Monitoring tillage status by remote sensing by its nature requires 
broadscale observation of very large regions. Within such broad 

regions, weather, terrain, and local practices vary, necessarily 
dispersing tillage and planting data operations over intervals of 
several weeks. Because the tillage event is ephemeral, soon con-
cealed by the foliage of the emerging crop, it must be assessed as 
it occurs, not at a later date. As a result, a single snapshot satel-
lite image can capture only a partial record of a region’s tillage 
pattern. �is e¦ect is signi¤cant regardless of the sensor system 
or tillage assessment strategy—sequential imagery of the entire 
planting season is necessary to observe the correct tillage sta-
tus of a landscape. Otherwise, the inventory will record only a 
portion of the tillage operations within the area. In this context, 
both SAR and optical satellite systems are challenged to pro-
vide reliable coverage in the sense that current revisit intervals 
of optical systems are subject to disruption by cloud cover, and 
current SAR systems are challenged to simultaneously provide 
the spatial detail, broadscale coverage, and revisit intervals nec-
essary to observe the full planting season.

8.5.4 c hallenges—Global t illage Monitoring

Current research to apply remote sensing to tillage assessment 
has been developed largely in midlatitudes, in regions charac-
terized by large ¤elds, simple crop calendars that apply for very 
large areas, limited numbers of crops, known crop rotation 
sequences, and availability of supporting data. �ese conditions 
may apply in many of the other major grain-producing regions 
(e.g., Brazil, China, Argentina, Ukraine, and Mexico), where 
current tillage assessment strategies may transfer. Many of the 
world’s other agricultural regions present much di¦erent condi-
tions that do not favor their direct transfer. For irrigated crops, 
there may be several planting cycles. Many tropical regions are 
characterized by smaller ¤elds and complicated crop calendars, 
so investigators may require mastery of detailed knowledge of 
a diversity of cropping systems and irrigation practices, which 
may all vary within short distances. Such agricultural systems 
may exhibit levels of spatial and temporal variability that will 
greatly complicate applications of remote-sensing strategies that 
have been successful in the context of midlatitude agricultural 
systems.

8.5.5 c hallenges—Field and Validation Data

Further advances in tillage assessment will require develop-
ment of additional strategies for collection of ¤eld data for 
 preparation of assessment model and for valuation of survey 
¤ndings. Field data collection campaigns following established 
and co- coordinated protocols have a role in broadscale survey, 
 especially when it is feasible to mobilize a network or experi-
enced volunteers to support campaigns. However, such e¦orts 
inevitably encounter logistical problems, especially when unfa-
vorable weather creates uncertainties or prevents acquisition 
of viable imagery. Work to investigate alternative strategies, 
including the feasibility of using commercial satellite imagery to 
collect tillage observations to support model development and 
validation of project ¤ndings, deserves attention.
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