1. INTRODUCTION

There is a widespread tendency to minimize the importance of soil quality for
agriculture in the tropics spawned in part from the experiences of temperate
agriculture. Yet in temperate regions, the most productive soils are geologically
“new”; they formed as result of glaciation during the last Ice Age and are both fertile
and relatively resistant to degradation. By contrast, the tropical soils found in most
developing countries, though some are also “new”, have typically experienced far
greater rates of climate-induced degradation from higher temperatures, greater rainfall
stochasticity, and greater rainfall intensity (Scherr, 1999). Unsustainable land use
practices are not the primary cause of the developing world’s dramatically higher
levels of soil loss and degradation.

Nonetheless, largely due to conservation practices, the United States was able
to reduce total annual soil loss by over 60% from 1982 to 1997 (Benson, 1999). In
Africa, where degradation has been most severe, scientists have estimated that soil
loss has increased nearly twenty-fold over the last 30 years and, moreover, the
continent has lost over 65% (500 million hectares) of its agricultural land to soil
degradation since 1950 (UNEP, 1999).

Despite such staggering figures, soil erosion has remained a silent problem: it
is difficult to quantify, to assess its social cost, and to determine what can best be
done to prevent it. Since 1978 soil loss has been best approximated using the
Universal Soil Loss Equation (USLE), (Wischmeier and Smith, 1978), which,
paradoxically, is only moderately accurate when applied to a single field (the

equation shall be further discussed in section 1.1). Numerous studies have attempted



to correlate USLE estimates to crop productivity, land use practices, and sediment
load; the consensus: indeed, there are significant correlations, but all are heavily
dependent on the various permutations of crop type, soil properties, management
practices, drainage topography, and climatic conditions. Because the requisite factors
for estimating soil loss are numerous and interdependent, and it is difficult to attribute
direct causality to soil loss, USLE estimates are best handled qualitatively. Thus,
independently, soil loss estimates are of little practical use; however, when integrated
into the broader matrix of coalescent factors that influence and are influenced by soil
loss, they can serve as a valuable tool for shaping rural development.

Relying on recent advances in remote sensing, digital elevation modeling
(DEM), and field spectroscopy, this report provides a unique methodology designed
to supply both quantitative and qualitative estimates of soil loss risk for large,
heterogeneous agricultural landscapes. This methodology is tested against ground
truth observations, crop productivity data, and pre-harvest vegetative densities. The
results and discussion portions of this report are not aimed solely for a scientific
audience; they are also intended to facilitate and guide agricultural extension work in
the case study of Kambi ya Simba, a Tanzanian village that has been heavily affected
by national agricultural policies and severe rates of soil erosion. The objectives of
this study are thus two-fold: first, to test the validity of this method of soil loss
estimation and its potential for further application and, second, to delineate a set of
recommendations for farmers in the village of Kambi ya Simba based on soil loss

estimates integrated with other applicable findings. The approach holds promise in



terms of its widespread applicability, rapid, non-destructive procedures, and relatively
inexpensive cost.

This chapter begins by providing a general overview of soil erosion and
degradation, and introduces the theoretical and empirical aspects of soil loss
equations, such as the USLE (section 1.1). This is followed by a description of the
basic principles of remote sensing and their use in vegetative assessment (section
1.2), and then of diffuse reflectance spectroscopy (DRS) and its ability to predict soil
properties (section 1.3). The final section (1.4) illustrates how remote sensing and
DRS can be used in synthesis to provide both quantitative and qualitative soil loss
estimates. The chapter concludes with a brief discussion of previous studies that have
had similar goals/methods, while underscoring the distinct merits of the approach

entailed in this report.

1.1 SOIL EROSION AND DEGRADATION

Soil degradation is an umbrella term generally defined as the deterioration of soil
quality through loss of one or more of its functions (production, buffering capacity,
biodiversity support, etc.) via erosion, salinization, desertification, chemical pollution,
siltification, water logging, and compaction (Lal, 1999). Soil erosion is the primary
mechanism of soil degradation and is defined as the removal of soil particles and
surficial sediments and rocks (Oldeman et al., 1990). Erosion takes two forms—
fluvial (hydrological) processes of sheet and rill/gully formation and eolian (wind)
processes of dry transport—of which fluvial processes are, in most regions of the

world, the most destructive mechanism. Erosion can also lead to other forms of soil



degradation, as many chemical pollutants are readily sorbed onto sediment particles
and transported with them. In bottomlands, erosion from highlands can cause
siltification and flooding.

High rainfall intensity is typically the catalyst for fluvial soil erosion, as
splash impact of sufficient force causes fine topsoil particles to literally jump off the
ground and become entrained in flowing water. Even if splash force is not great
enough to remove soil particles, erosion will still occur if the amount of rainfall
exceeds the soils’ infiltration capacity, as the resultant overland flow eventually
removes loose particles, transporting them in suspension. In either case, the abrasive
presence of coarser particles in the flowing water body can cause further detachment,
which in turn leads to greater fluid momentum. Without impediment, the flowing
water body is quickly able to form sheets, which strip thin, uniform layers of fertile
topsoil from wide swaths of land, and/or channels, which carve deeper into the soil
and can lead to rill or gully formation. Fluid momentum is substantially exacerbated

by slope.

The Universal Soil Loss Equation

In 1978 Wischmeier and Smith devised the Universal Soil Loss Equation to quantify
long term, annual rates of soil loss from an empirical model. The equation weighs
factors of rainfall energy and amount, soil properties and constituency, slope and
slope length (i.e., the distance covered by the fluid body over a given slope),
surface/canopy cover (i.e., vegetation), and management practices (i.e., terracing,

tillage); soil loss is reported as the product of these factors and can be conceptualized



quantitatively as the mass of soil that is removed from a given area over a given time
period. These factors (and their respective equations and units) are discussed in their
entirety as applied in this study in section 3.4, but first, to better understand the
method and its limitations, it is necessary to present the equation itself and the
empirical model from which it was derived.
A=R*K-(L*S)-C-P (1.2)
Where,

A = average annual soil loss [10° kg/(ha'yr)]

R = erosivity factor

K = erodibility factor

L = slope length factor

S =slope steepness factor

C = land cover factor

P = soil protection factor
The USLE is based on empirical data collected from a continuously clean-tilled,
fallow field, 22.1 m in length, with a uniform slope of 9%, located in the Rocky
Mountains, and observed for a three year period (Wischmeier and Smith, 1978). The
factors in the equation are designed to adjust for deviation from that standard
condition and, therefore, the equation was not designed for application at the
watershed or landscape scale. The equation has, however, been applied in these types
of studies because it is relatively easy to use and there is no profoundly different
alternative. Although the values for individual factors contained in the USLE are
calculable, virtually all studies that use the equation rely on values provided in lookup
tables and/or nomographs. When applied on a landscape scale this has the effect of

aggregating important spatial differences (Scherr, 1999); this practice, which occurs

with noted frequency in GIS applications, is discussed further in section 1.4.



Nonetheless, the trends that can be observed in the USLE’s nomographs and
tables do facilitate a general discussion of the relative role of each factor contained in
the equation, as most have been derived empirically (Wenner, 1981). The role of the
rainfall-derived, R-factor is ostensible for both greater intensity and total rainfall
contribute to increased rates of soil loss; therefore, this factor increases directly with
both. Similarly, the role of the slope-derived, LS-factor is also intuitively obvious—
increases in slope and the distance water travels over a given slope both increase soil
loss rates (the original nomograph showing this appears as Figure 1.1.1). Cover,
vegetative differences, and management practices are, on the other hand, more
complex factors. The USLE weighs these factors based on their ability to impede the
force of both splash and overland fluvial forces. Although Wischmeier and Smith
provide general nomographs (Figures 1.1.2 and 1.1.3) and tables that express the
relationship between surface/canopy cover and soil loss (the C-factor), these data
have subsequently been refined for specific application to certain land uses and crop
types (Roose, 1996). A P-factor for protection afforded by agricultural management
practices is also included in the USLE; it can be ascertained from lookup tables based
on the relative impact certain practices have on overall soil loss.

Soil erodibility (K) is the final factor included in the USLE and is perhaps the
most complex (the nomograph appears as Figure 1.1.4 and a sample lookup table as
Table 1.1.1). Drawing from the initial discussion of fluvial soil erosion, it can be
restated that both particle size and permeability affect rates of soil loss. While soils
comprised mainly of fine particles are indeed more likely to be transported (and for

farther distances) by fluvial forces than those that are coarser, certain fines, namely



clay, are extremely cohesive when wet—in other words, they become plastic. This
cohesive effect makes these soils nearly impermeable (causing high rates of overland
flow) but at the same time inhibits overall soil loss. On the other hand, loamy soils
(i.e., those that do not have a dominant particle size) can have both low rates of
infiltration and weak cohesive forces, thus these are the most readily eroded soil
types. At the other end of the spectrum, soils of dominantly large particle size (i.e.,
sand), are relatively resistant to erosion due to their high permeability and because
they require greater force to be detached (as they are heavier). One additional
variable included in the K-factor is the relative presence of organic matter content.
The presence of sufficient levels of organic matter binds soil particles together to
form stable aggregates that are resistant to erosion, while also permitting water to
infiltrate the surface more easily, thereby reducing runoff (Bowman and Peterson,
2003). By increasing the soils’ moisture retention capacity, organic matter content
prevents soil crusting and hardness, and causes soils to be less vulnerable to splash
forces.

The USLE also contains an optional factor known as the tolerability or T-
factor. The tolerability factor is essentially a lookup table that contains ‘tolerable’
levels of soil loss for different regions and soil types. When soil loss rates exceed
those deemed tolerable, land use planners reassess the individual factors contributing
to the current state so as to provide recommendations as to which factor(s)—if
controllable—should be modified to theoretically reduce soil loss to a tolerable level.

In most cases, this involves increasing surface cover (e.g., by applying mulch),



changing the method of tillage, or constructing terraces to reduce the values of the

slope-dependent factors.

Limitations of the USLE

The USLE suffers from many limitations that are widely documented. These are best

summarized in Roose’s FAO guide to using the USLE (1996), Renard et al. (1991),

and Roose (1973):

1.

The equation applies only to fluvial erosion in hilly country, excluding
mountainous areas where landslides and linear erosion (rills, gullies and
torrents) are predominant. It also should not be applied to slope greater than
25°.

It fails to addresses types of runoff, suspended load, and nutrient loss.

The empirical model best approximates behavior in the medium and long term
(i.e., 20 years) as annual stochasticity becomes smoothed out.

The widely used lookup tables and nomographs have site-specific derivations;
these models are rarely more effective than the best locally adapted data.

The equation is based on results on small plots (100 m2), fields, or very small
catchments (a few hectares). This can lead to problems of scale when trying
to forecast regional figures of erosion and especially for predicting sediment
load in large watersheds where water management systems may be threatened
by siltation.

It is difficult to set precise figures for tolerable erosion levels since the

equation ignores the quality of eroded material. For example, the wealth of



many tropical soils is stored in the top 20 cm (especially under forests), and
sheet erosion selectively carries away organic and mineral colloids, plus
nutrients, which together assure the soil's water and chemical reserves.

7. Lastly, the equation ignores interactions between the different factors—
interactions that have proved very numerous in further studies. For example,
soil reaction to rainfall intensity differs greatly depending on slope, soil type,
and the condition of the soil surface (e.g., roughness due to cropping methods,
prior soil moisture, and management of crop residues), and soil composition
varies within soil types as result of different forms of land use and agricultural

practices.

Despite these limitations, it must be recognized that the USLE has achieved its value
and universal application not only because of its practicality in the field for
developmental planning, but also its ability to scientifically quantify the relative
influence of each of the factors involved. On this basis, it can be seen as very
effective in fulfilling its purpose of defining the erosion control techniques to select in
a given situation. In Africa, the model seems justified by a large number (>560) of
successful studies using the soils, crops, and slopes most widely farmed (Roose,

1996).
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Figure 1.1.1 Original nomograph for estimating the LS (slope-based) factor in the USLE (cf.

Wischmeier and Smith, 1978)
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Figure 1.1.2 Original nomograph for estimating the C (cropping canopy cover) factor in the USLE (cf.

Wischmeier and Smith, 1978)
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Figure 1.1.3 Original nomograph for estimating the C (cropping surface cover) factor in the USLE (cf.
Wischmeier and Smith, 1978)

Figure 1.1.4 Original nomographs for estimating the K (soil erodibility) factor in the USLE (cf.
Wischmeier and Smith, 1978)
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Table 1.1.1 Sample lookup table for the K (soil erodibility) factor in the USLE (cf. Stone and Hilborn,
2000)

K-Factor
Organic Matter Content
Textural Class Average Less than 2 % More than 2 %
Clay 0.22 0.24 0.21
Clay Loam 0.30 0.33 0.28
Coarse Sandy Loam 0.07 -- 0.07
Fine Sand 0.08 0.09 0.06
Fine Sandy Loam 0.18 0.22 0.17
Heavy Clay 0.17 0.19 0.15
Loam 0.30 0.34 0.26
Loamy Fine Sand 0.11 0.15 0.09
Loamy Sand 0.04 0.05 0.04
Loamy Very Fine Sand 0.39 0.44 0.25
Sand 0.02 0.03 0.01
Sandy Clay Loam 0.20 -- 0.20
Sandy Loam 0.13 0.14 0.12
Silt Loam 0.38 0.41 0.37
Silty Clay 0.26 0.27 0.26
Silty Clay Loam 0.32 0.35 0.30
Very Fine Sand 0.43 0.46 0.37
Very Fine Sandy Loam 0.35 0.41 0.33

USLE-derived models

The most commonly used relative of the USLE is the USDA developed Revised
USLE (RUSLE) (Renard et al.,, 1991 and 1997). The RUSLE is a computerized
version of the USLE, designed specifically for application in the United States, that
retains the original structure of the Wischmeier and Smith equation, but increases
specificity by requiring more detailed inputs (i.e., in terms of vegetation, topographic
micro-variability, storm data) and has been optimized for certain land use types (i.e.,
agriculture, grassland, and forests). Its main advantage is that users are encouraged to
bypass lookup tables and nomographs by inputting site-specific field measurements.

Other computerized relatives of the USLE are Modular Soil Erosion System

12



(MoSES) and the Water Erosion Prediction Project (WEPP), also developed by the
USDA.

Elwell’s (1978) Soil Loss Estimation Model for Southern Africa (SLEMSA)
is another empirical model related to the USLE." SLEMSA was derived from
Elwell’s fieldwork in Zimbabwe on both grasslands and agricultural areas and is in
most ways a more simplistic method of predicting soil loss. The equation requires the
user to select an appropriate bare-plot-standard based on all factors included in the
USLE except for those related to surface/canopy cover (management practices are not
included). This standard is therefore represented as the maximum, average amount of
soil loss that could theoretically occur on this particular type of bare plot, and soil loss
is measured relative to the standard based on the independent variable of vegetative
surface/canopy cover, for which there is a calculation. While this approach is
obviously less powerful than the USLE method, it does bypass the use of lookup
tables and nomographs for the vegetative coverage factor. Additionally, it can be
easily integrated into the USLE (for all factors besides the coverage factor) when
detailed vegetative coverage data are hard to come by. As result, this aspect of
SLEMSA can be particularly useful in remote sensing studies, as it is often
impossible to derive USLE-required variables such as vegetative height, crop type,

and growth stage from satellite imagery.

* While the currently applied version of the USLE was also published in 1978, Wischmeier and

Smith’s original model was first published in 1962, so its approach was already well known by

scientists such as Elwell.
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Soil erosion in the tropics

It logically follows from this description of the causal factors behind soil erosion that
the climatic, geologic, and social conditions found in many developing, tropical
countries are most conducive to increased rates of soil loss. The highly weathered
(i.e., geologically “old”) or recently deposited volcanic soils found in the tropics are
naturally shallower and more vulnerable to soil erosion than those in temperate
regions, and extreme weathering causes them to be rich in iron and aluminum and, as
result, more acidic. This vulnerability has been partly caused (over geologic time)
and is currently exacerbated by tropical rainfall patterns, which can be generally
characterized as being marked by strong inter-seasonal precipitation differences, i.e.,
pronounced wet and dry seasons with little overlap, and higher temperature. Since
rainfall intensity is typically greater in these regions, the onset of the rainy season is
often accompanied by rapid rates of soil loss, especially after prolonged dry seasons
that have left soils dry and crusty. Lack of capital resources devoted to soil
conservation, food shortages, overpopulation, short-sighted government and
international policy, and rampant deforestation, among other factors, operate in a
feedback system that is unique to developing, tropical countries.

While tropical topsoil naturally forms at a rate of 25 mm every 300 years on
undisturbed soils and every 30 years on lands that are cultivated (Wenner, 1981),
average soil loss rates in Asia, Africa, and South America are estimated at 13 to 17.5
mm per year—15 to 21 times the rate of regeneration on cultivated soils (Barrow,

1991).
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The primary means by which soil erosion affects agricultural productivity is
through soil structure deterioration. In addition to reducing topsoil depth and
inducing crustiness, erosion leaches the basic nutrients found in soil that are needed
for healthy crop growth. Stoorvogel et al. (1993) estimated nutrient balances for 38
countries in sub-Saharan Africa and found annual depletion rates for certain key
fertility indicators at 22 kg N, 3 kg P, and 15 kg K per hectare (= 40 kg NPK/ha); in
East African highlands, where rates are highest, this study found depletion rates of
over 60 kg NPK/ha. Although the optimum amount of NPK needed for a particular
field depends on crop type, soil type, and management practices, in general, sub-
Saharan Africa needs to more than triple its current fertilizer usage in order to
ameliorate nutrient loss sufficiently enough to maintain current levels of productivity
(Henao and Baanante, 1999). As result of this deficiency, average productivity has
decreased by as much as 40% in regions of sub-Saharan Africa that face severe
erosion problems (e.g., Nigeria, East African Highlands, and parts of Southern
Africa), (Lal, 1995). At the local scale and for particular crops, however, these

figures can be dramatically higher.

1.2 REMOTE SENSING OF ENVIRONMENTS

Remote sensing has been defined in many ways, but in general it is the art or science
of acquiring physical data of an object without touch or contact (Campbell, 1996;
Fischer et al., 1976; Lintz and Simonett, 1976). However, the kind of remote sensing

employed in this report requires a more refined definition: it is the practice of
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observing the earth’s land and water surfaces by means of reflected or emitted
electromagnetic radiation (Campbell, 1996).

Electromagnetic radiation is the energy generated whenever an electrical
charge is accelerated; it is understood both in terms of its wave and particle-like
properties. The wavelength (L) of a source of electromagnetic radiation depends on
the length of time the charged particle has been accelerated and its frequency (v)
depends on the number of accelerations per second. The product of these two factors
determines particle velocity and thus the two are always inversely related (A = c/v, c =
speed of light). This relationship is expressed in the electromagnetic spectrum, whose

regions are typically referred to by their associated wavelength range (Figure 1.2.1).

Figure 1.2.1 The electromagnetic spectrum (cf. Kaiser, 2002)
*1nm=10°"m

When light particles, i.e., photons, travel through different media, their trajectory and
velocity changes—a phenomenon known as refraction. Their interaction with

different media also produces four mutually exclusive outcomes—scattering,
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absorption, reflection, and transmission—depending upon their wavelength and the
properties of the given substance. Scattering occurs when incident energy is reflected
in a wholly unpredictable manner; absorption occurs when incident energy is of the
same frequency as the substance’s resonant frequency (i.e., atomic/molecular) and is
thus absorbed, producing an excited state in the substance; reflection can be viewed
as the opposite of absorption in that energy “bounces off” of the substance, but in a
predictable manner. These three factors in turn control whether electromagnetic
energy is able to penetrate a substance (through “windows”) and be transmitted.

In the case of Earth, the outer portion of our atmosphere limits the amount of
solar radiation that can be transmitted (i.e., it “closes down”), while certain
wavelengths of transmitted radiation may be later absorbed by atmospheric gases
(Figure 1.2.2). The most effectively transmitted wavelengths are referred to as the
visible spectrum (0.4 — 0.7 um), which humans view as the combination of colors
blue, green, and red. Thus, the portion of the electromagnetic spectrum that can be
used in remote sensing is initially constrained by the Earth’s atmosphere. Remote

sensing instruments are designed to take advantage of these atmospheric windows.

17



Figure 1.2.2 Atmospheric transmission and absorption of the Sun’s incident electromagnetic energy
(cf. Jensen, 2000)
a) Absorption of energy by major atmospheric gases, with “closing down” (i.e., mostly black
areas) in certain portions and “windows” in others (i.e., mostly white areas).
b) The combined effects of atmospheric absorption, scattering and reflection reduce the amount
of solar irradiance reaching the Earth’s surface at sea level.
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A brief history of remote sensing since the invention of photography
Remote sensing began as early as the mid-19" century with aerial photography, using
captive balloons, and it progressed into the early 20" century with the invention of the
airplane. World War 1 (1914 — 1918) marked the beginning of routine acquisition of
aerial photographs (Campbell, 1996). This quickly led to the development of
photogrammetry—the practice of making accurate measurements from aerial
photographs by pairing two or more photographs taken of the same area and making
adjustments for their differing foci and flight paths (Wolf, 1983). During World War
I1 (1939 — 1945), the use of the electromagnetic spectrum was extended from almost
exclusive emphasis on the visible spectrum to other spectral regions, most notably the
infrared and microwave regions. In 1956 civilian Robert Colwell applied the color
infrared film used in WWII to problems of identifying small-grain cereal crops and
their diseases. In 1960 the first meteorological satellite (TIROS-1) was launched,
while simultaneously, during the 1960’s, some of the remote sensing instruments
originally developed for military use became accessible to civilians. These
instruments extended the scope of aerial observation outside the visible spectrum and
in this context the term “remote sensing” was first used (Campbell, 1996).

Modern satellite remote sensing began in 1972 when NASA launched Landsat
1, a satellite with a sensor system designed primarily to acquire Earth resource
information. The particular apparatus it employs is known as a Multispectral Scanner
(MSS), an optical-mechanical system in which a mirror scans the terrain
perpendicular to the flight direction. While it scans, it focuses radiant flux from the

terrain onto discrete detector elements. The detectors then convert the reflected solar
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radiant flux measured within each instantaneous field of view in the scene into an
electronic signal (Jensen, 2000). This signal is based on the relative reflectance of
each pixel for each wavelength interval—or band—scanned by the system (all bands
are scanned simultaneously). A pixel corresponds to an individual square on the
Earth’s surface where the size of the square is governed by the sensor’s spatial
resolution (e.g., a pixel represents a ground area of >79 x 79 m? in the case of the
MSS). The actual size of the square increases away from nadir, as the sensor is no
longer operating perpendicular to the Earth’s surface. For each band, each pixel is
stored as a digital number (DN) that corresponds to its relative reflectance at a given
bandwidth (most are 8-bit DNs, thus values range from 0 — 255, where 255 signifies
maximum reflectance). The pixels of a single band can only be viewed in grayscale
(0 = black, 255 = white), however, bands can, through image processing, be
combined to form composite color images. The combination of visible bands blue,
green, and red, is often used to generate a “real life” image, provided, of course, that
these bands are assigned to their corresponding colors in the RGB-scale. The MSS
only produces images in the visual to near-infrared range (VNIR) but does not
contain a ‘blue’ band and hence cannot render “real life” images.

In 1975 and 1978 Landsat MSS 2 and 3 were launched, respectively, followed
by Landsat 4 in 1982 and Landsat 5 in 1984. Landsat 4 and 5 differ from their
ancestors in that they contain a Thematic Mapper (TM) sensor system rather than the
MSS, which acquires information over a greater range of the electromagnetic
spectrum—the middle, or short-wave, infrared (MIR) and thermal infrared (TIR)

regions. MSS bandwidths had originally been chosen based on their utility for
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general vegetation inventories and geologic studies, whereas the TM bands were
selected after years of analysis and wavelength experimentation (Jensen, 2000).
Another improvement is that the TM generates images of greater resolution than the
MSS:; the MSS scanner returns VNIR images at 79 x 79 m?/pixel (spatial resolution at
nadir), while the TM returns VNIR and MIR images at 30 x 30 m?/pixel (the TM’s
TIR images have resolution of only 120 x 120 m?/pixel).

In 1999 Landsat 7 was launched (Landsat 6 did not achieve orbit). The
satellite features an Enhanced Thematic Mapper Plus (ETM+) sensor that increases
TIR spatial resolution at nadir to 60 x 60 m?/pixel and contains a panchromatic band
(520 — 900 nm) with 15 x 15 m?/pixel spatial resolution at nadir.

Landsat 4, 5, and 7 are still in continuous, worldwide orbit and their images
can be obtained through the Earth Resources Observation Systems (EROS) data
center. There are numerous other remote sensing satellites also in orbit; however,
particular attention will now be given to the ASTER sensing system onboard the
Earth Observing System’s (EOS) Terra satellite, as its images are used in this report.
The bandwidths sensed by the ASTER system will be used as a proxy for discussing
the information contained at particular bandwidths found on many of the other

satellites currently in orbit.

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
The Terra satellite was launched on December 18, 1999 from the Vandenberg Air
Force Base in California and flies in a sun-synchronous polar orbit, crossing the

equator every day at 10:30 AM. ASTER is one of the five state-of-the-art instrument
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sensor systems onboard Terra and has a unique combination of wide spectral
coverage and high spatial resolution in the VNIR through TIR regions. It was built
by a consortium of Japanese government, industry, and research groups in
collaboration with EOS (EQS, 2004).

ASTER offers improvements over Landsat ETM+ in that it contains
additional bands within the MIR and TIR ranges, as well as higher spatial resolution
in the VNIR region. It also contains a unique VNIR backward looking band for high-
resolution along-track observation that can be processed photogrammetrically with its
nadir looking VNIR band to produce a digital elevation model (DEM). Table 1.2.1
shows all bandwidths sensed by the ASTER system and their spatial resolution. It is
important to note that ASTER lacks a band in the ‘blue’ region of the visible

spectrum, thus it cannot be used to generate “real life” composite images.

Table 1.2.1 ASTER bands and spatial resolution at nadir

Band Spectral range (um) Spectral region Spatial resolution (m“/pixel)
1 0.52-0.60 Visible — green 15x15

2 0.63-0.69 Visible — red 15x15

3 0.76 — 0.86 NIR (nadir looking) 15x15 )

3 0.76 — 0.86 NIR (backward looking) 15x15 DEM: 30 x30
4 1.600 —1.700 MIR 30x30

5 2.145-2.185 MIR 30x30

6 2.185-2.225 MIR 30x30

7 2.235-2.285 MIR 30x30

8 2.295 - 2.365 MIR 30x30

9 2.360 —2.430 MIR 30x30

10 8.125-8.475 TIR 90 x 90

11 8.475 -8.825 TIR 90 x 90

12 8.925-9.275 TIR 90 x 90

13 10.25-10.95 TIR 90 x 90

14 ~ 1095-1165 TIR ) 90 x 90

The purpose of Bands 1 (green) and 2 (red) is readily apparent—they detect visible
coloration on the Earth’s surface—and consequently serve many purposes. The NIR

band is perhaps the most important band for many remote sensing applications, as
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NIR reflectance is directly related to basic cell structure (a layer of spongy
mesophyll) common among all green vegetation. NIR and red (and sometimes green)
bands are widely used in vegetation indices, which is the subject of the next section.
Bands 4-9 are particularly sensitive to moisture content (turgidity), as water has
signature absorptions in the MIR, and have consequently been used in many
applications, such as sensing soil salinity, drought stress, hydrothermal alteration in
rocks, and discerning between clouds, snow, and ice. Of the MIR bands on ASTER,
band 4 is used for most applications, as it typically exhibits the strongest H,O
absorptions. The remaining bands (TIR 10-14) measure the amount of infrared
radiant flux emitted from surfaces, which is a function of the emissivities and the true
or Kinetic temperature of the surface (Jensen, 2000). These bands often capture
differences in topographic aspect in rugged areas and are useful for detecting
geothermal activity, plumes (e.g., from power plants), and land use differences,
especially when both nocturnal and diurnal images are available.

In addition to serving valuable functions individually, different bands can be
combined in ratios or equations, which are known as indices. When assessing
heterogeneous landscapes, many features have unique spectral patterns that cannot be
discerned by viewing single bands or require a numerical combination of values for
defining a threshold. Thus, virtually all methods of remote classification of

vegetation rely on one or more indices.
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Vegetation indices

Vegetation has a unique spectral response that allows it to be readily discerned from
bare soils, rocks, water, buildings, and other surfaces and, because all vegetation is
essentially comprised of the same basic elements, spectra generally appear similar.
Healthy, green vegetation is characterized primarily in the VNIR region as showing
strong red and blue absorption and strong NIR reflectance, with reflectance of green

wavelengths resulting from absorption of red and blue (Figure 1.2.3).

Figure 1.2.3 Spectral features of healthy vegetation in the VNIR — MIR range (cf. Campbell, 1996)

Yet in order to differentiate vegetation from other landscape features that have either
a low red DN or a high NIR DN, the difference between these bands must be assessed

in some way. In vegetation spectra, this difference (i.e., the steep rise from red to
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NIR reflectance in Figure 1.2.3) is known as the “red edge” and the simplest way of
quantifying it is, aptly enough, the simple ratio (NIR/red), first described by Birth and
McVey (1968). A plot containing a sample of these ratios appears as Figure 1.2.4; an
important feature of this graph is its triangular appearance, known as a ‘tasseled cap’.
The baseline of this triangle is called the “soil line’ (where red ~ NIR reflectance) and
the perpendicular distance from the soil line (the ‘brightness line”) can be used to
measure stages of crop growth. Richardson and Wiegand (1977) first described this
relationship and identified general trends that can be predicted about vegetative health
and soil characteristics based on a given ratio’s position relative to the tasseled cap

plot, as illustrated in Figure 1.2.5.

Figure 1.2.4 ASTER NIR over red (simple ratio) reflectance for an agricultural landscape
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Figure 1.2.5 Distribution of pixels in NIR/red multispectral space (a) and their migration during the
typical agricultural growth cycle (b) (cf. Jensen, 2000)

The simple ratio is still widely used as a vegetation index because it is not
constrained to a normalized range of values and in certain applications it can
therefore be a more sensitive index than a normalized index. As is the case with
virtually all vegetation indices, higher index values indicate greater vegetative
health/density, while lower values indicate lower vegetative health/density or the
presence of a different feature in the landscape. The most commonly used
normalized vegetation index is the Normalized Difference Vegetation Index (NDVI),
expressed as (NIR — red)/(NIR + red), published by Rouse et al. (1974). Values
produced by NDVI are normalized to the range -1 to 1 to facilitate statistical analyses.
For this reason, though the method used to classify land use in this report is based on
simple ratio values, all statistical trends are expressed using normalized indices.

There are also numerous, more sophisticated indices that are used in
vegetation studies, though some are designed solely for Landsat bands (e.g., the

Kauth and Thomas transformation, 1976; the Atmospherically Resistant VVegetation
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Index, which requires a blue band, by Kaufman and Tanre, 1992; and the Enhanced
Vegetation Index, which also requires a blue band, by Huete and Justice, 1999).
Some of the more common, universal vegetation indices, mostly intended for
agricultural applications, are based on the Soil Adjusted Vegetation Index (SAVI),
published by Huete (1988). The SAVI is similar to NDVI (it is also normalized),
however, it includes a baseline factor so as to measure vegetative reflectance above
the soil line. A value of close to zero indicates, therefore, that a pixel contains little
vegetation and is mostly bare soil. This factor can be customized empirically as the
slope of the soil line in the tasseled cap plot of a landscape’s pixels (Qi et al., 1994) or
it can be inputted from lookup tables. SAVI offspring include the Transformed SAVI
(TSAVI) and the Modified SAVI (MSAVI). The formulae for these indices appear in
Table 3.2.4.

Certain considerations are necessary when interpreting the results provided by
vegetation indices. For one, if a vegetation index is applied solely to one image, then
it can only be used to assess vegetative density (and also, if the type of vegetation is
known, health) at one point in time. This is not to undermine its value—most land
use classification studies rely on just one image—however, robust statements about
vegetative health and/or crop phenology (i.e., seasonal changes) require multiple
images for comparison. A claim that a region of forest may be less healthy than
another is only credible if density differences are not seasonally induced (i.e., one
region is predominantly deciduous and the other coniferous). Similarly, unless

detailed ground truth data are available, it is often difficult to discern crop type
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without multiple images that display phenological trends (such as those shown in
Figure 1.2.5).

Numerous studies have positively correlated vegetation indices to in situ field
measurements of leaf area index (area of leaf surface per unit area of soil surface) and
biomass, although results vary with the specifics of the type of vegetation and
atmospheric conditions (Campbell, 1996).

Some vegetation indices also employ MIR bands, such as the Moisture Stress
Index (MSI), developed by Rock et al. (1986). This index, expressed as the ASTER
ratio MIRgand 4 / NIR, is often used to assess soil salinity and degradation, as well as
leaf moisture content and implied crop stress. It has limited application in land use
mapping, as soil and vegetation pixels often coexist within the same range of MSI
values. It can, however, be highly useful when assessing differences and making

further classifications within land use or crop types (Eklundh et al., 2003).

Image limitations and interpretation

The value of a remotely sensed image is contingent upon several factors outside the
realm of sensing power and technique. There is a natural attenuation of reflectance
values that occurs, independent of sensor technology, from topographic influences.
At lower elevations, reflectance is more likely to become scattered or absorbed en
route to the sensor than at higher elevations because there is simply more atmosphere
to interact with along the way. Slope and aspect play an even greater role, as these
parameters control shading and the incident angle at which solar radiation is reflected

and received by the satellite; with increasing slope and aspect away from the Sun’s
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orientation and, tantamount, away from the satellite’s flight path, the relative amount
of attenuation increases. Adjusting for this attenuation is called radiometric
correction.

When sensing water bodies, specular reflection from the Sun’s rays appears
very brightly, especially when the surface is smooth, and this can nullify the value of
such areas in images. Cloud cover often thwarts image analysis, as it can skew or
prevent data acquisition by obscuring portions of an image. Seasonal timing plays a
role as well, for generally obvious reasons (e.g., crop stage, snow, etc.). These
limitations underscore the importance of using multiple remotely sensed images
whenever possible.

In addition, all remote interpretations are limited by the spatial resolution of
the image(s) they rely upon. As resolution cannot be infinite and images are captured
aerially, a substantial amount of ‘mixing’ always occurs within pixels. In terms of
vegetation, sensors respond to the reflectance of canopy, understory, and surface
cover, as well as any underlying soil that may be exposed—but only the net
reflectance of these components is stored in each pixel’s DN. Disaggregating this
mixture requires detailed, in situ measurements, which in many studies are not
feasible.

Since most remotely sensed images are now available solely in digital form,
there are standard methods employed in their distribution and interpretation. Images
intended for distribution are organized by Landsat’s path/row system (as quadrants
based on latitude and longitude) and their geographic corner and center points are

included in the file that contains the image’s band layers. This allows images to be
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georeferenced to ground control points, linked to different images, and to be
incorporated into GIS databases. All such images also contain a unique identification
number (preceded by the sensor used to produce it), which sometimes combines
path/row information with the image date. Many images are privately owned and
therefore must be purchased individually. There is no set standard of quality
assurance (each distributor of processed images has its own standard) and so,
unfortunately, some images can be less accurate than others, especially in terms of
their geographic and radiometric rectification.

Image manipulation (i.e., of bands and pixels) is now exclusively done using
specialized computer software. Many of these programs are compatible with GIS and
all allow users to manipulate the spectral and spatial data contained in images, to
generate composite images, and to create their own band-math equations. In addition,
users are able to perform unsupervised classifications (i.e., the computer sorts pixels
into statistically similar groups) as well as supervised classifications, which may rely
on threshold values defining different groups or even visual differences traced by
mouse. Some programs (e.g., The Environment for Visualizing Images—ENVI®)
also feature topographic modeling algorithms that convert the elevation data
contained in DEMs to other properties, such as slope, shaded relief, curvature, and
aspect. Some even allow users to input computer source code (e.g., Interactive Data
Language—IDL) to perform more complicated algorithms. As the sophistication of
image processing software and, moreover, the quality of remote sensing technology

improve, the potential of remote sensing applications will expand dramatically.
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1.3 SPECTROSCOPY

In many ways spectroscopy can be viewed as the forebear of satellite remote sensing:
the sensors onboard satellites were designed based on spectroscopic research. The
main difference between the two is that satellite remote sensing typically utilizes only
certain, large wavelength ranges, whereas spectroscopy is based on the examination
of many narrowly defined spectral regions. In other words, while the ASTER sensor
contains 9 bands in the VNIR-MIR range, a FieldSpec™ spectroradiometer, for
instance, contains more than 200 bands over this same range spaced evenly at 10 nm
intervals. Thus, because the bands used in spectroscopy are all at fixed intervals and
S0 numerous, they are typically referred to by their wavelength number rather than as
bands 1-200+. When this trademark of spectroscopy is applied aerially, it is called
hyperspectral remote sensing (e.g., JPL’s Airborne Visible/Infrared Imaging
Spectrometer—AVIRIS). Although the terms ‘hyperspectral’ and ‘spectroscopic’ are
often used interchangeably in casual discourse, it is important to note that the two
differ mainly in that spectroscopic data are sensed on the ground (i.e., in the field or
in the laboratory), whereas, hyperspectral data are sensed from above (i.e., from
aircraft or satellite).

The main benefit of spectroscopy is that it allows for acute measurement of
spectral characteristics for small specimens. Diffuse Reflectance Spectroscopy
(DRS) is a term which encompasses such measurements of continuous light spectra
that have been reflected from a highly diffusing medium, i.e., soils, leaves, and
minerals. The technology is relatively simple, relying only on direct collection of

reflected light from an illuminated soil or plant sample after first calibrating the
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sensor to a white (i.e., 100% reflectance) reference. Its inherent limitation is that if
spectroscopic data are to be applied to large areas, they must be aggregated in some
way, as it is logistically impossible to scan all leaves in a forest or all soils in a field
(as can be approached with hyperspectral sensing). Thus the validity of DRS data in
any study is directly related to its sample size; as result, there are ongoing attempts to
build vast spectral libraries of soils (see the World Agroforestry Centre’s library of

African soils from their website http://www.worldagroforestrycentre.orq), as well as

vegetation and minerals (see JPL’s website http://speclib.jpl.nasa.gov), for public

viewing and input.

Another benefit of spectroscopy is that it can be used for rapid, non-
destructive characterization of a wide range of properties in specimens. Spectral
signatures of properties are defined by their reflectance or absorbance as a function of
wavelength in the electromagnetic spectrum, just as in satellite remote sensing. These
signatures are due to electronic transitions of atoms and vibrational stretching and
bending of structural groups of atoms that form molecules and/or crystals.
Fundamental features in reflectance spectra occur at discrete energy levels where
photons can be absorbed, allowing molecules to rise to higher vibrational states or

electrons to move to a higher energy shell (Jensen, 2000; ICRAF, 2004).

Sensing soil quality
In the case of soils, spectral shape responds to mineral (e.g., clays, iron compounds,
salts) and chemical composition (e.g., carbon, nitrogen, potassium), visible

pigmentation, water (hydration, hygroscopic and free pore water), and particle size
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distribution (Shepherd and Walsh, 2003). Although the fundamental features related
to these various components of soil properties generally occur in the TIR range (2.5 —
25 pm), their overtones (i.e., modes, at one half, one third, one fourth, etc. of the
wavelength of the fundamental feature) occur in NIR (700 — 1000 nm) and MIR
(1000 — 2500 nm) regions (ICRAF, 2004). For instance, soil clay minerals and
potassium have very distinct spectral signatures in the MIR region (1350 — 1450,
1850 — 1950, 2400 — 2500 nm) because of strong absorption of the overtones of
S04, COs* and OH  (whose radicals often bond with clay minerals) and
combinations of fundamental features of, for example, H,O and CO; (Hunt, 1982;
Clark, 1999; Shepherd and Walsh, 2000; Ben-Dor et al., 2002; Selige et al., 2003).
The VNIR region (350 — 1000 nm) has been widely used for color determinations in
soil and geological applications, as well as in the identification of soil organic matter,
nitrogen (Shepherd and Walsh, 2000; Selige et al., 2003; Hansen and Schjoerring,
2003), and Fe oxides and hydroxides (Ben-Dor et al., 1999).

In this study, only four properties were predicted from DRS spectra to assess
soil quality—clay, organic carbon, nitrogen, and potassium—because of the project’s
limited scope and funding. Nonetheless, clay and organic carbon contents are the
only soil properties required in most soil loss models, while N, C/N ratio, and

potassium content are among the most commonly used soil fertility indicators.

Calibration and prediction using PLS regression

Since the mid-1980s, developments in instrument technology and chemometrics (the

application of mathematical and statistical techniques to chemical data) have led to
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the increased use of spectroscopy in predicting laboratory and field measurements
(ICRAF, 2004). Moreover, it is now possible to calibrate certain soil properties
apparent in spectra to laboratory test results so as to predict numerical content for a
wide range of properties. This procedure typically relies on an algorithm often used
in chemometrics known as Partial Least Squares (PLS) regression, which can be
performed in many statistical software programs (e.g., SAS®, MATLAB®,
Unscramber®, etc.).

In short, PLS regression produces linear coefficients for multiple x-values by
maximizing the covariance between ‘y’ and all possible linear functions of ‘x’ (Nees
et al, 2002). Thus the algorithm requires a set of numeric x-values that can
theoretically be combined in a linear fashion (i.e., calibrated) to predict a single,
numeric y-value for a given population; the algorithm returns the multivariate
equation that best predicts the y-values for the population. In the case of soil spectra
calibration, each sample in the population contains multiple x-values—each
containing a soil reflectance value at a particular wavelength—that are calibrated to
predict laboratory test results for a given soil property (the y-value). The overall
strength of the calibration is mainly judged in terms of r> and adjusted-r® values,
though Root Mean Square Error (RMSE) and a significance level are usually reported
as well. The ‘adjusted-r>> value literally adjusts the r* value by weighing the size of
the sample population and the number of x-values being regressed. For example, an
r? value of 0.90 will have an adjusted-r’> of 0.10 if the regression analysis is

attempting to calibrate 9 x-components to a sample size of only 10 observations. This
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makes these values of equal—or greater—importance than the plain r* when reporting
calibration results.

Before applying PLS regression, however, reflectance values are often
transformed to their first derivative (at 10 — 20 nm intervals), which is known to
minimize variation among samples caused by variation in preparation methods
(Martens and Nees, 1989). Certain studies have also applied the Savitsky-Golay filter,
as described by Fearn (2000), which can further minimize such variation, before first
derivative processing (ICRAF, 2004). As there is not yet consensus as to which
wavelengths are the best indicators of soil properties, all values in the recommended
wavelength ranges (and their correspondent transformations, if necessary) must be
experimented with as PLS input parameters in order to determine which combination
best calibrates to laboratory values. The significance of each wavelength selected for
experimentation is shown by p-values reported by the algorithm (lower p-values
indicate greater significance) and thus the combination of wavelengths that have the
lowest p-values produces the best-fit calibration.

The calibrated, multivariate equation can then be used to predict soil
properties for a much greater population of soil spectra, provided that the calibration
is robust (minimum r® > 0.5) and reported with a standard error value (i.e., standard
error of calibration), (Naes et al., 2002). When making predictions though, it is
extremely important to ensure that extrapolation is not performed on outliers beyond
the equation’s predictive range. This is best avoided using outlier-detection

algorithms, which can be found in most software that perform PLS regression.
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Additional applications and benefits

Several studies have attempted to calibrate soils’ DRS spectra and their resultant,
predicted properties to remotely sensed images. Shepherd and Walsh (2000), for
example, used Landsat 5 simulated reflectance spectra and correlated these to DRS
spectra, finding significant relationships (p < 0.001) but generally poor fits (r* < 0.5).
Hansen and Schjoerring (2003) found strong correlations (r* > 0.95) with soil/leaf
nitrogen and hyperspectral images in a field-sized experiment using wheat crops. Hill
and Shutt (2000) demonstrated that the spectral profile of soil organic matter and its
effect on cereal crops could be correlated—with notable loss in accuracy—to Landsat
TM/ETM+ imagery for numerous fields in dry Mediterranean ecosystems, which in
turn can be used to model erosion vicariously through soil organic matter content.
Selige et al. (2003) performed a similar study, also correlating clay content, but using
hyperspectral rather than satellite imagery. The ability to apply such findings to
larger scales, however, is limited by the fact that soil properties are only one predictor
of vegetative growth and their effect is not yet known for most types of vegetation.
Furthermore, the relatively poor spatial resolution and resultant mixing present in
most satellite images exacerbates the inherent problems in trying to calibrate soil
spectra and content to large, heterogeneous landscapes.

The primary benefit of DRS is that it has great potential to substantially
reduce the costs associated with soil surveys. The standard cost of laboratory soil
analysis is in the range US $10 — 100 per sample, while the DRS method allows for
both cheap (the only cost being the spectrometer, which is quickly declining in price

as technology improves) and rapid analysis—scanning rates can exceed 500 samples
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per day (Shepherd and Walsh, 2000). For this reason, developing countries where
funds are most limited and soil quality issues are most pressing stand to benefit most

from these advances.

1.4 SYNTHESIS

It should now be apparent to the reader how recent advances in the realms of remote
sensing and soil spectroscopy can be applied to the task of estimating soil loss using
empirical models such as the USLE. Spectroscopy provides non-destructive, cheap,
rapid, and accurate identification of a wide range of soil properties, while remote
sensing allows for rapid, large scale land use mapping and assessment of vegetative
density/health. In the case of ASTER data, these can also be combined with
information derived from a DEM (i.e., slope and altitude). Clearly there are
substantial limitations inherent in each of these methodologies, several of which I
shall summarize again to accentuate their importance:

1. All digitally stored satellite images are limited by spatial resolution and the
resultant degree of pixular mixing that occurs, topographic influences,
weather during and preceding the sensing process, and the accuracy of their
subsequent geographic and radiometric rectification.

2. Accuracy in predicting soil properties from DRS soil spectra calibrated to
laboratory samples is—at best—only as good as the strength of the calibration
itself (measured statistically), the accuracy of laboratory results, and the
degree to which extrapolating beyond the calibration’s predictive range is

avoided.
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3. The USLE’s quantitative soil loss estimates only approach actual rates in the
long term; the USLE neglects interactions that may occur among its individual
factors; it is best applied to small, agricultural areas; and estimates suffer
when they are not derived from site-specific observations (i.e., from
aggregated lookup nomographs/tables).

Yet as long as an internally consistent model is applied, there are no theoretical
barriers implicit in the nature of all three that prevent their synthesis, provided the
results of such synthesis are only interpreted qualitatively. On this basis, there have
been numerous studies using GIS databases and, in fewer cases, remote sensing that

have performed exactly this.

Figure 1.4.1 Flowchart showing the general methodology in GIS-based applications of the USLE
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The flowchart in Figure 1.4.1 shows the general method that has been applied in most
GI1S-based studies of soil erosion modeling, including ones that have relied on remote
sensing for land use mapping. The flowchart was derived based on the shared aspects
of methods employed in commonly cited works, such as Gaudasasmita (1987),
Mongkolsawat et al. (1994), Molnar and Julien (1998), Sahin and Kurum (2002),
Feoli et al. (2002), Agrawal et al. (2003), and Lufafa et al. (2003). Studies differ in
that some are applied to urban/highway planning as opposed to agriculture; some
correlate their soil loss estimates with ground truth observations (few to crop
productivity and/or socioeconomic data) and a small number to an additional satellite
image. Scarce few have used laboratory analyses of soils in lieu of nomographs/
tables for estimating the soil properties included in the K-factor.

To the best of my knowledge, however, there have not been any published
studies that have tested the validity of their estimates by correlating soil loss to both
productivity/socioeconomic/ground truth observations and one or more additional
satellite images. Furthermore (again to the best of my knowledge), there have not
been any large scale, GIS or remote sensing based soil loss studies that have
disaggregated soil properties within soil types’ different land uses. As the interaction
between land use and soil properties is perhaps the most compelling, this is clearly a
shortcoming of many studies. One final consideration is that, to the best of my
knowledge, no published study has ever used a satellite image and a DEM derived
from this same image (as can be provided by ASTER) in a soil loss model.

There is still, however, a great deal of inaccuracy in ASTER images, as the

reader shall see. Moreover, logistical factors constrained the number of soil samples |
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could collect from the field, while finances limited the ability to perform more
extensive laboratory analyses on a larger set of samples. Nonetheless, | feel that the
methodology presented in this report is unique because it addresses all of the
aforementioned shortcomings pervasive in most studies of this kind, while also
serving as a robust template for more extensive studies. Most importantly, in my
opinion, it has remained true to its local cause: to prioritize and assist developmental
planning in the village of Kambi ya Simba. Of course, the degree to which it

succeeds in this realm has yet to be seen.
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