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Introduction

The use of conservation tillage practices has been shown
to improve soil structure, reduce soil erosion, and increase
levels of soil organic carbon (SOC) content.

+ Conservation tillage methods often employ the use of crop
residues to cover the soil, protecting it from wind and water,
and also providing lignin and cellulose, which contribute to
soc.

+ A number of remote sensing methods were developed for
remote estimation and assessment of crop residue cover
(CRC), most notably the Cellulose Absorption Index (CAI)
and ASTER Lignin-Cellulose Index (LCA, Daughtry et al
2005).

« These estimates of CRC can then be used as inputs in soil
carbon models.

« However, individual soils have differing compositions,
which may affect base CAl values, and thus, bias
estimates.

* While most satellite systems utilize sensors with broad
spectral bands which may limit the use of CAl
hyperspectral satellite and airborne systems allow for the
use of this index.

Study objectives

« The purposes of this study are to

1.Evaluate CAl values for shortwave infrared (SWIR) spectra
of over 4,100 soils from Brown et al. (2006), and compare
them with soil components.

2.Evaluate CRC using CAl values for hyperspectral imagery
acquired over Indiana on 29 May 2006

Experimental methods

Soil spectra were acquired from a number of sources,
including

Laboratory and field measurement using the Analytical
Spectral Devices FieldSpec Pro (Boulder, CO) spectro-
radiometer.

Laboratory measurements used a DC-stabilized lighting
source and 1° or 18° fore-optics, as seen in Fig. 1
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+ Data from Brown et al. (2006), which were acquired from a
subset of the USDA-NRCS National Soil Survey Center's
Characterization Data Library (Lincoln, NE).

+ Data acquired from online spectral libraries, including
Elvidge (1990), and Karl Norris (USDA Instrumentation
Laboratory, Beltsville, MD).

Remote sensing of crop residues, vegetation, and soil

- Satellite remote sensing of vegetation
frequently utilizes broad spectral bands in
the visible and shortwave infrared (SWIR),
such as those used by ASTER and
Landsat TM (Fig. 2).

+In the visible and SWIR portion of the
spectrum below 1900 nm, crop residues
and soils appeared very similar to one
another, but differ greatly from green
vegetation

+In the SWIR portion of the spectrum above
1900 nm, crop residues showed a distinct
absorption at 2100 nm which is not shared
by soil or by green vegetation (which can
appear similarly in this region)

+This absorption was related to cellulose
and lignin in dry residues.
« Unfortunately, both ASTER and Landsat

TM bands either are too broad, or do not
sample the 2100 nm absorption feature.
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+Thus, hyperspectral measurements are needed to discriminate
between crop residues and bare soils, which are achieved using the
cellulose absorption index

The Cellulose Absorption Index (CAI;
CAI'=100 - [0.5 (Ry0 + Ry2) - Ryal @

where Ry, Ry, and R,, denote the mean reflectances of the 2026
nm - 2036 nm, 2096 nm — 2106 nm, and 2206 nm — 2216 nm bands,
respectively.

Spectral properties of soils and residues
Spectral reflectance properties of soil

carbon (Fig. 3)

+ Dry crop residues had distinctive spectral
features which distinguished them from
living vegetation and mineral and organic
matter in soils.

«Crop residues consisted mainly of
cellulose and lignin, which exhibited
spectral absorptions around 2100 nm,
relating to alcoholic ~OH groups in the
molecular structure (Curran, 1989).

«CAl was positive if the reflectance
spectra between 2026 nm and 2216 nm
are concave, and negative if convex; if
spectra were more or less straight then
values were in the vicinity of zero.

carbon compou

«Cellulose had stronger absorptions than lignin, and hence, higher
values of CAl.

+Humus (degraded organic residues) and inorganic C (activated
charcoal) exhibited much lower reflectances than lignin or cellulose
and without the diagnostic absorptions

« Peat moss, which was relatively undegraded plant organic matter (Fig.
3), showed intermediate values between humus and crop residues
and had a signature that was similar in shape to cellulose, albeit
darker and flatter (Fig. 4).

Spectral properties of plant
residues and vegetation (Fig. 4)
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+While dry plant residues showed
distinct absorptions at 2100 nm
and 2330 nm, live vegetation
(green lawn grass) did not show

them, and thus, can be
distinguished apart.

+Residue  spectral  properties
varied with age and phenology;

*As residue aged, cellulose
content decreased relative to that
of lignin, and thus, CAl values
decreased;

- Species with thicker stems had
higher CAl values and lasted
longer in the field.

Spectra of soils from Indiana
field site (Fig. 5)

+Soils from Fulton Co., Indiana
showed relatively flat spectra
excepting two soils with a
Fig.5 Spectiaof Fulon Co, I\ characteristic  clay  mineral

absorption at around 2200 nm

+Soils with large amounts of organic matter had higher CAI
values and were darker than those with low SOC.

Fig. 6 Surface soil layer CAl
values calculated from Brown et
al. (2006) and Indiana soil
spectra.

+705 soil spectra used from Brown
et al. (2006) and Indiana.
«Most soil orders showed similar

ranges of values with minor
variations.
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« Some soils, e.g., certain ultisols, showed very CAl low values

«In general, soil order was not a strong indicator of soil CAl, due
to broad ranges.

-Surface soil mineralogy and organic matter content wil
dominate soil spectral properties.

+ Histosols, oxisols, and spodosols insufficiently sampled.
Linear spectral mixing model

+A linear spectral mixing model was used to estimate residue
cover at nadir as a function of residue cover.

Ru;=Rs; - (1-f)) +Re; - fr @)
where R denotes reflectance and the
subscripts M, S, R, and 4 denote
mixture,  soil, residue,  and
wavelength, respectively. f, denotes
the fractional cover of the crop
residue.

When looking at nadir, soils and
residues mixed according to Eq. (2)
with excellent correlation between
simulated and measured values (Fig.
7).
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« Simulations of spectral mixing were
performed for two Indiana soils as
seen in Fig. 8a-c.

+Both soils can be found adjacent to
one another in the field, and had
different values for CAls.

«Houghton muck had a much higher
SOC and a slightly higher CAls

+As higher proportions of com
residue were added to the scene,
the spectra appeared to be more
like corn.

+The relationship between CAI and
1R,corn was linear for both soils.

«Lower proportions of corn showed

significant  differences  between
soils; these lessened as frcom
increased

'”‘”’\:;"“,"; sk This showed that soil composition
can have a significant effect upon
CAl values, and thus residue cover
estimates, and should be taken into
account.

Effect of soil water content on
CAl; (Fig. 9a-b)

« Soil brightness was inversely related
to water content.

+Soils with low SOC (mineral soils)
were brighter than those with high
SOC (mucky soils).

«Mineral soils showed CAl minima at
water contents of ~0.1 m¥m?, due

Results: Hyperspectral remote sensing of croj

residue cover

Fig. 11. Maps of Indiana test site

+ Remotely sensed hyperspectral imagery of Indiana
acquired from aircraft by SpecTIR Inc. (Sparks,
NV) in strips, which were subsequently mosaicked
together, and used to calculate CAI

+These data were compared against residue data
from a number of field sampling points.

+The subsequent regression for all CRC estimates
was used to generate a five class-class residue
cover map via decision tree analysis

«Regression equation (Fig. 12) not entirely accurate
(2 = 0.71), such that low CRC estimates were
smaller than 0% or larger than 100% (these are
classified in the 0-15% and 60-100% bins,
respectively).

+ SSURGO soil maps (USDA-NRCS Soil Data Mart)
were also used to help distinguish soil units.

«When closely observing fields, some soil units can
clearly be distinguished from others in both false-
color maps and CAI maps (e.g., Muskego muck
(Mx) bordering Barry loam (Bb), green circles),
showing that soil composition can affect CAl, as
seen in Table 1

«This in turn shows that soil composition can bias
residue cover estimates, even in the same field, in
agreement with results from Fig. 8.

-View angle was also shown to affect CAI
estimates along swath edges (blue circles), where
the sensor sees more residue than it would at
nadir, resulting in a positive bias, as seen in Table
1

«View angle effects are greatest in the opposite
direction from the sun, but are still significant for
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«Increasing water content affected -
Ry 0 the most, by making the spectra B Saeks D

less concave between R, and R, 5,
and thus, decreasing CAlg,

« Corn showed a consistent decrease
in CAlg with RWC.

+Soybean achieved minimal CAlg
values at about 60% RWC.

*+Under wet conditions, residue cover
estimation may not be feasible for
soils when CAlg = 0.
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Accuracy of remote residue cover estimates (Fig. 12)

+Ground truth field estimates of CRC utilized the line-point transect
method (Morrison et al., 1993), and included residue type.

« Differences in soil CAlg or water contents were not accounted for
here.

Conclusions

+CAll is sensitive to residue cover type, age,
and wetness.

«Soil spectral properties, and thus, CAlg
dependent on soil composition.
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*Soils that are rich in degraded organic
matter (mucky) will have CAlg values
around 0

*Mineral soils will have lower CAlg values.

*Mineral soils were affected more by water
content than mucky soils.

«Water content also affects CAly,.

*Water content affects R,, more than R,
and R, ,.

«Local differences in soil composition affect
remote estimates of residue cover.

*View angle effects from aircraft remote
sensing are a concern.
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