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Abstract
Remote assessment of soil loss has strong potential to influence agricultural planning and to monitor environmental change at the landscape scale.  A method for remote assessment of soil loss, based on the Universal Soil Loss Equation (USLE), is presented here, as applied to a rural village in northern Tanzania.  USLE variables of rainfall energy, slope, vegetation cover, and soil quality, which are traditionally gauged in the field, are predicted remotely using ASTER satellite data and diffuse reflectance spectroscopy (DRS) of soils.  These variables are combined subsequently to produce soil loss estimates.  Significant correlations with independently derived, qualitative indicators of erosion – crop yield, topsoil nutrient content (N and K), and temporal change in the normalized difference vegetation index (NDVI) – demonstrate that this method of soil loss estimation has potential to characterize and shape land use in remote locales.  
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1. Introduction

Soil erosion is a considerable problem in agricultural areas worldwide.  On a global scale, the annual loss of 75 billion tons of soil costs approximately US$400 billion each year, or US$70 per capita (Eswaran et al., 2001; Pimental et al., 1995; Crosson, 1997).  Whereas the United States and Europe report average soil loss rates of 17 t/ha/yr, rates in Asia, Africa, and South America are estimated at 30-40 t/ha/yr (Pimental et al., 1995) and, for individual plots on sloping terrain, commonly exceed 100 t/ha/yr (Gardner, 1996).  Moreover, while the United States was able to reduce total annual soil loss by over 60% from 1982 to 1997 – chiefly due to the adoption of conservation practices (Benson, 1999) – in Africa, where erosion is often most severe, soil loss has increased nearly twenty-fold over the last 30 years (UNEP, 1999).  As one consequence, average productivity has decreased by as much as 40% in regions of Africa that face severe erosion problems (e.g., Nigeria, East African Highlands, and parts of Southern Africa), with a mean loss of 8.2% for the continent (Lal, 1995).  

Traditional approaches to estimating soil loss during rainfall events are based on Wischmeier and Smith’s (1978) empirically derived Universal Soil Loss Equation (USLE).  The model incorporates variables of rainfall energy, slope, vegetation cover, and soil quality to produce a long-term average soil loss estimate due to sheet and rill erosion.  Despite some limitations (e.g., Roose 1973; 1996; Renard et al., 1991), the USLE has remained the most widely used equation for both qualitative and quantitative soil loss modeling on cultivated soils, and has often served as a decisive means of influencing agricultural planning (Roose, 1996).  USLE estimates can be derived quickly using data from nomographs and lookup tables, which have broad circulation; improved prediction, however, necessitates site-specific measurements, typically calculated in the field.  Collecting site-specific data can be expensive and time consuming (e.g., laboratory analysis of soils), especially in remote locales and/or at a scale that exceeds a single plot of land.  Therefore, it is highly desirable to develop protocols that generate soil loss estimates using remote sensing.

Recent innovations in sensing technology have potential to reshape and expedite conventional methods of estimating soil loss at the landscape scale.  From satellite data, vegetation cover and biomass production have been calibrated successfully to the normalized difference vegetation index (NDVI; e.g., Asrar et al., 1985; Baret and Guyot, 1991; Gilabert et al., 1996; Gilabert et al., 2002; Pontailler et al., 2003), and employed frequently in mapping land use (Foody, 2002).  It is well established that land cover change has significant effects on soil quality (Douglas, 1999; Foody, 2002), and it has been demonstrated that multitemporal satellite images can be used to develop predictive models of erosion by monitoring changes in human land use (Pickup and Chewings, 1988) and through integration with GIS databases (Cohen et al., 2005).  Other approaches have relied on qualitative indicators in soils as a proxy for soil loss.  For instance, Hill and Schütt (2000) correlated soil organic matter to both continuous reflectance spectra and Landsat data as an indicator for assessing erosion processes in southeast Spain.  Potentially, the results of such studies can be translated into variables in the USLE.  Moreover, as the USLE depends critically on slope, the integration of topographic data with vegetation and soil assessment could further improve soil loss prediction.  Here we demonstrate that all variables required by the USLE can be obtained through remote sensing.
The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), launched onboard the Terra satellite in 1999, seems particularly suited to this task.  ASTER contains both nadir and backward looking near infrared (NIR) sensors (0.76 – 0.86 m) at high resolution (15 x 15 m2/pixel), which allow a digital elevation model (DEM) of moderate resolution (30 x 30 m2/pixel) to be generated photogrammetrically and paired to reflectance data from its parent image.  ASTER reflectance and topographic data can, therefore, be combined with relative ease for commensurate use in the USLE on a landscape scale.

Diffuse reflectance spectroscopy (DRS) allows for acute measurement (typically at 10-20 nm intervals) of spectral characteristics for small specimens, such as soils, leaves, and minerals.  In the case of soils, spectral reflectance is a function of 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 distribution (Hunt, 1982; Ben-Dor et al., 1999; Clark, 1999; Shepherd and Walsh, 2002).  Developments in instrument technology and chemometrics have led to the increased use of DRS in predicting laboratory and field measurements of soil properties (Clark, 1999; Shepherd and Walsh, 2002).  Spectral plots can be produced rapidly (e.g., several hundred samples/day), and a combination of spectral wavelengths can then be calibrated statistically to laboratory results for various soil properties.  Shepherd and Walsh (2002) have demonstrated that spectral calibration of a small subset of the total sample population (10%) to laboratory results can predict effectively soil properties for the remaining set of samples.  When samples are georeferenced, DRS-predicted soil properties (i.e., clay and organic matter content) may be combined with satellite data to improve upon soil loss estimates (Shepherd and Walsh, 2000).

This article presents a combinatory method using ASTER and DRS data to solve for USLE parameters, as applied to a large, heterogeneous agricultural landscape in Tanzania.  The approach appears promising because of its widespread applicability, rapid, non-destructive procedures and relatively low cost.  Although a study by Cohen et al. (2005) suggests that un-validated application of the USLE through remote sensing may fail to produce adequate, site-specific results, localized inaccuracy has always been a limitation of the USLE.  In this study, there has been no attempt to visually gauge the severity of soil degradation on the ground and to correlate it to remote predictions of soil loss.  Instead, soil loss estimates are tested for correlation against qualitative data for maize yields, DRS-predicted topsoil nutrient contents (N and exch. K) and temporal change in NDVI (between pre-harvest and post-harvest images).  These tests utilize averages among land use and soil type classes, rather than data based from individual site measurements.  To assess the model’s ability as a predictive tool, soil loss estimates are also tested for correlation with mature crops’ NDVI.  In the context of developing countries, soil loss estimates are intended to influence agricultural planning at a landscape scale.

2. Study area

The village of Kambi ya Simba is located in the Rift Valley highlands (Gregory Branch) of northern Tanzania, bordered to the north by the Northern Highland Forest Reserve (NHFR; within the Ngorongoro Conservation Area) and to the south by a ~300 m escarpment (Fig. 1).  Lake Manyara National Park and the town of Mto-wa-Mbu lie directly beneath this escarpment, and have received flooding and siltification in recent years from highlands runoff (NSS, 1989; Rohde and Hilhorst, 2001).  Kambi ya Simba was selected as a case study because (a) the East African highlands experience rates of soil loss that are, on average, more severe than any other ecological region in sub-Saharan Africa (Stoorvogel et al., 1993); (b) the village occupies immediate proximity to two well-known and ecologically fragile conservation areas; and (c) a nongovernmental organization (NGO), the Multi-Environmental Society (MESO), is centered in the village and could thus provide invaluable logistical assistance and expertise.

The village of Kambi ya Simba has an approximate area of 40 km2 and is separated into three geographically distinct regions – Northern, Central, and Southern (Fig. 2). Geologically, the highlands region is comprised chiefly of Pliocene volcanics (< 2.4 Ma), whose weathering has afforded clayey, luvic soils of naturally high fertility (NSS, 1989; Sommer et al., 2003).  The village’s soil types have been distinguished by Tanzania’s National Soil Service (NSS) along differences of elevation (i.e., region), slope, and stoniness (Table 1).  Soil types RU1, RU2, RL1, L1, and A are well-suited for mechanized cultivation, and shall hereafter be referred to as the ‘arable soil types’.  Amongst these soil types, those in the Northern region (i.e., RU1 and RU2) are of highest natural fertility (NSS, 1989).

Tanzania has two major agro-climatic zones – the unimodal and the bimodal rainfall zones.  In the bimodal zone, which extends over the northern and northeastern regions of the country, including Kambi ya Simba, there is a short-rains minor cropping season (vuli), with planting around October/November and harvesting in late January/February; and a main, long-rains season (masika), with planting in late February/March and harvesting in July/August/September.  Climatic differences in the village occur mainly with respect to elevation, with an approximate 97 mm increase in average annual rainfall and 0.5˚C decrease in average annual temperature per 100 m rise in altitude (calculated from Magoggo, 1997).  These climatic differences, in turn, affect floral ecology and crop selection.  For instance, wheat, the major cash crop, is grown only in the village’s more temperate Northern region during the masika.  Maize and beans, the two other leading crops, are grown throughout the village, mainly for subsistence.  

The village was settled circa 1943 by the agro-pastoralist Iraqw.  Since 1974 the population has quadrupled, from 1500 to 6000, while wheat yields have declined precipitously from 5.0 – 6.0 t/ha to 0.8 – 2.0 t/ha (personal communications).  These changes have been accommodated and induced, in part, by extensive deforestation and a burgeoning livestock population.  Land shortage, a more recent phenomenon, effects considerable grazing pressure and has compelled increasing numbers of farmers to settle marginal lands.  Methods of soil conservation remain basic and, ostensibly, have been only moderately effective in reducing soil loss.  These include use of vegetated contour ridges (i.e., bunds), application of manure, and tethering of livestock to prevent overgrazing; more effective means of intervention (e.g., terracing, strip-cropping with frequent rotation, zero-tillage systems; Wenner, 1981; Pimentel, et al. 1995; Young, 1995) are not utilized.  

3. Materials and methods

3.1 ASTER imagery and preprocessing

Two ASTER images (Level-1B) of Kambi ya Simba were acquired – one as crops approached maturity (June 2002) and one directly after crops had been harvested (October 2002).  Both images were delivered geometrically and radiometrically corrected (Abrams and Hook, 2004).  All image manipulation and analysis was performed in Research Systems Incorporated’s ENVI 4.0, and digital numbers were converted to ASTER radiance.  DEM data are from the post-harvest (October) image, resized to 15 x 15 m2/pixel resolution via cubic convolution.  

To establish initial, commensurate maps of Kambi ya Simba, the village’s perimeter, which is demarcated by natural features (i.e., streams to the east and west, the NHFR to the north, and an escarpment to the south), was traced as a region of interest (ROI) using the October image and DEM, and a topographic map (cf. NSS, 1989).  This ROI was used to generate a subset image of the village.  A ground control pixel was selected from the center of the October image and its distances (in pixels) to corner points were used to create a preliminary subset of the June image.  These two subsets were then matched by geometric correction resampling, as described by Campbell (1996), using 16 ground control pixels (as recommended by Bernstein et al., 1983) distinguishable in both image subsets.  Geographic correction was conducted by imposing October coordinates, first to corner points, then to ground control pixels, on the June subset.  In the final step, 16 ground control points were used to georeference the two subsets to GPS measurements collected in the field.

3.2 Soil sampling and spectroscopy

A total of 100 topsoil (20 cm) samples were collected from the village in July 2003.  Site-specific variables described for each sample take the format in Holmes (1995) and include GPS coordinates, soil type, slope angle, elevation, canopy and ground cover, and land use.  After extraction, the samples were air-dried and crushed to pass a 2 mm sieve.  Samples were then transported to the World Agroforestry Centre (ICRAF) in Nairobi, where they were scanned under an ASD FieldSpec FR spectroradiometer, covering wavelengths 350 to 2500 nm, at a spectral sampling interval of 1 nm.  Further description regarding preparation techniques is available in Shepherd and Walsh (2002).  

From the initial set of 100 topsoil samples, 10 diverse samples were selected for laboratory analysis of grain size distribution (clay, silt, sand), percent organic C (Corg) and total N (by CNS analyzer, standard methods), and exchangeable K (by flame photometer, standard methods); work was conducted at the ICRAF laboratory.  Clay content ranged from 16 – 30%; Corg from 2.13 – 3.72%; N from 0.16 – 0.30%; and exch. K from 0.81 – 1.83 me/100g.  These laboratory results were then calibrated to samples’ corresponding spectral plots using partial least squares (PLS) regression.  The first derivative of reflectance values (at 10 nm intervals) yielded the most robust calibrations; the Savitsky-Golay filter, as described by Fearn (2000), did not improve upon first derivative calibrations significantly.  Multivariate calibrations were significant for all soil properties (p < 0.01), and adjusted r2 values (0.76 – 0.97) are comparable to those of Reeves and Van Kessel (2000), Ben-Dor et al. (2002), Shepherd and Walsh (2002), and Selige et al. (2003).  The calibrated multivariate equations were used to predict soil properties for the remaining 90 samples, of which, 8% were detected as outliers.  

3.3 Field survey data
A nonrandom survey of farmers’ fields (n = 80) was administered in July 2003 to assess current crop productivity for both wheat and maize among the village’s different arable soil types.  Because wheat is grown solely in the village’s Northern region, yields are compared between soil types RU1 and RU2 only, whereas maize yields are compared among all arable soil types.  Data regarding field attributes (e.g., age, size) and use of soil conservation measures were also recorded so as to control for non-environmental factors potentially affecting crop productivity.  

4. Deriving soil loss estimates
4.1 The Universal Soil Loss Equation (USLE)

USLE soil loss estimates are based on the multiplicative combination of four general factors [Eq. (1); Wischmeier and Smith, 1978] and have been generated for each pixel (15 x 15 m2) in the post-harvest (October) subset where clouds are not present.

A = R • K • (L • S) • (C • P)  





          (1)

where A is average annual soil loss (t/ha/yr), R measures rainfall erosivity (N/h), K represents soils’ erodibility [t•h/(ha•N)], L and S are dimensionless slope factors, and C and P are dimensionless land cover and soil protection factors.  ASTER DEM altitude data are used to calculate R and slope data for L and S.  K relies on averages of DRS-predicted soil quality indicators (clay and organic matter content) disaggregated by land use and soil type, whereas C and P are based on a normalized vegetation index applied to the October ASTER image.  A flowchart, Fig. 3, depicts this process of acquiring soil loss estimates.  For each of these factors, higher values cause a direct increase in annual soil loss.  

4.2 Rainfall erosivity (R) 

This factor represents the kinetic energy of falling raindrops (splash) as well as that from running water (wash).  It is expressed in the units N/h, where N is equal to kJ/m2•mm (the kinetic energy of one millimeter of erosive rainfall over a square meter) and h is equal to one hour.  Rainfall energy in the USLE is calculated as Eq. (2):

E = (11.89+8.73•log I)•n•10-3, for I < 76.2 mm/h                    

(2)

where E is energy (kJ/m2), I, intensity (mm/h), and n, total rainfall (mm).  R is calculated as the summation of all erosive storm events’ E values for an entire year multiplied by the average maximum 30-minute intensity.  As detailed storm data are unavailable for Kambi ya Simba, R values were calculated for a given elevation’s average annual rainfall (20+ years of data, cf. Magoggo, 1997), and based on a constant average intensity of 6.7 mm/h and a constant average maximum 30-minute intensity of 25 mm/h.  The average maximum intensity of 25 mm/h is recommended by Hudson (1971) for East Africa, as it is the threshold value at which rainfall becomes erosive on clayey soils.  Although rainfall intensities greater than or equal to 25 mm/h only occur in 6% of East Africa’s total storm events, these events account for over 70% of the total rainfall per year (Edwards et al., 1979).  Annual rainfall values used in calculations are thus reduced to 70% of their original values.  The average intensity of 6.7 mm/h is an estimate derived from the distribution of intensities during storm events that reach the maximum intensity of 25 mm/h (Edwards et al., 1983).  A 1% increase in kinetic energy of raindrops that occurs per 100 m increase in elevation (Van Dijk et al., 2002) is also accounted for.  These considerations are combined into Eq. (3):

R = (11.89+8.73•log I)•X•(a•h–b)•I30•1.01h/100•10-3                  

(3)

where I30 represents the average maximum 30-minute intensity, X, the ratio of annual rainfall considered erosive (e.g., X = 0.70 in East Africa), a, the slope of the linear relationship between rainfall and altitude (e.g., a = 0.9732 in Kambi ya Simba), b, the y-intercept of that same equation (e.g., b = 740.61mm in Kambi ya Simba), and h, elevation (masl).

4.3 Soil erodibility (K) 

K is expressed in the units (103 kg/ha) / [(kJ/m2) • (mm/h)] or (103 kg•h) / (ha•N).  Erodibility of topsoil is controlled by its organic matter content, aggregation status, permeability, and clay content.  It appears in the USLE as Eq. (4):

K = 2.77•10-6•M1.14•(12–OM)+0.043•(A–2)+0.033•(4–D)     

(4)

where OM is organic matter content, A, mean aggregate grain size class (1: < 1 mm, 2: 1-2 mm, 3: 2-10 mm, 4: > 10 mm), D, permeability (rate of infiltration) class (6: very slow, 5: slow, 4: slow to moderate, 3: moderate, 2: moderate to rapid, 1: rapid), and M as Eq. (5): 

M = (100 - % clay) • (% silt + % very fine sand)



(5)

All of the soils in Kambi ya Simba are dominantly clay/silt, therefore, all soil types were assumed to have mean aggregate grains sizes less than 1 mm (class 1) and slow rates of infiltration (class 5), as recommended also by Wenner (1981).  

Values for M and OM, which are not of a constant class, were generated by averaging DRS-predicted topsoil contents of clay and Corg as the intersection of two sets of parameters: soil type and land use type.  The soil type parameter accounts for variations in soil quality that occur based on the natural factors elevation, slope and stoniness, i.e. the factors which are diagnostic of a given soil type (Table 1), whereas the land use type parameter accounts for variation resulting from human activities (agriculture, grazing, afforestation) which affect soil quality.  Thus, in order to intersect these parameters, it was necessary to develop commensurate maps of soil and land use types.

4.3.1 Soil type mapping

The soil type map created for this study is largely based on a soil type map included in the NSS report (1989; soil types are outlined on an aerial photograph).  Several steps were necessary to correlate the NSS soil map to the ASTER data.  Elevation and slope as defined for each soil type (Table 1) were distinguished using DEM data, where soil type borders correspond to topographic thresholds.  For adjacent soil types distinguished primarily by stoniness (e.g., L1-L2; Table 1), visible and NIR differences were used to infer borders, as stoniness restricts mechanized cultivation and can thus manifest as abrupt changes in land use and consequent NIR reflectance.  Such pronounced changes in land use along soil type boundaries were also observed during fieldwork.  In several instances, mid-infrared spectra (e.g., ASTER Band 4), which show strong response to moisture content, were used to differentiate between alluvial and valley soil types (alluvial soils appearing abruptly as areas of low relative MIR reflectance).  The resultant soil type map comprises ROIs in the ASTER data (Fig. 4), and has been compared to a set of georeferenced ground points (n = 100) to assess classification accuracy.

4.3.2 Land use mapping

Land use categories were defined based on the agro-pastoralist functions they serve – forest resources (dense bush/graze), grazing (sparse bush/graze), and cultivation (fields).  To minimize radiation attenuation caused by differences in slope and elevation, and different soil types’ reflectance properties (Baret et al., 1993; Gilabert, et al., 2002), land use types were mapped within each soil type before being aggregated into a village-scale map.  Land use types were separated initially as ‘fields’ and ‘bush/graze’ using simple ratio (SR; NIR/red; Birth and McVey, 1968) thresholds, applied to the post-harvest (October) image, under the assumption that fallow ‘fields’ would display consistently lower SR values than ‘bush/graze’.  As fields’ perimeters are readily distinguishable in the October image, SR thresholds were refined until all pixels within clearly defined perimeters were included as ‘fields’ (Fig. 5).  

To separate ‘dense’ from ‘sparse bush/graze’, the linear relationship between NDVI and the fraction of photosynthetically active radiation (f PAR; Tucker, 1979; Asrar et al., 1984; Goward & Dye, 1987; Kumar & Monteith, 1982; Monteith, 1972, 1977; Sellers, 1987; Sellers et al., 1997; Pontailler et al., 2003; Wessels et al., 2004) was used.  The equation for calculating f PAR from NDVI is shown below.

	

	f PAR = (NDVI–NDVImin)·( f PAR max– f PAR min)+ f PAR min
	(6)

	
	(NDVImax – NDVImin)
	


where NDVI endpoints are site-specific and f PAR endpoints are constant (minimum: 0.01, maximum: 0.95).  For each soil type, an f PAR value of 0.5 was used to distinguish the two types of ‘bush/graze’.  The resultant land use map comprises ROIs in the ASTER data (Fig. 6), and has been compared to georeferenced ground points (n = 100) to assess classification accuracy.

4.3.3 Calculating OM and M in the soil erodibility factor


After intersecting the ROIs of soil and land use types, values for OM and M were assigned to each pixel in the village based on the DRS-predicted averages for clay content and Corg for each land use type within each soil type.  A factor of 1.724 was multiplied to Corg values for conversion to soil organic matter content, as recommended by Jackson (1958).  Organic matter contents greater than 7.0 are outside the predictive range of the USLE and should not be used in the equation (Jones et al., 1996); all of Kambi ya Simba’s samples’ averages had OM values below 7.0.  Because M also requires values for silt and very fine sand content (Eq. 5), which were determined in the laboratory for 10 samples but not predicted using DRS for the remaining 90 samples, M-values were extrapolated for the remaining samples from clay content using the logarithmic relationship between maximum grain size and the cumulative bulk weight percentage for each grain size class in the 10 known samples (r2 = 0.98).

4.4 Slope length (L) and slope steepness (S)
The slope length factor quantifies the length (l) in the direction of main water flow (runoff) as its deviation from the USLE standard plot (l = 22.1 m).  It is calculated in the USLE as Eq. (7):

L = (l/22.1)m   








(7)

where m represents a slope class (0.15: ≤ 0.5%, 0.2: 0.6-1.0%, 0.3: 1.1-3.4%, 0.4: 3.5-4.9%, 0.5: ≥ 5.0%).  To solve for l, Eq. (8) is used:

l = 15/cos(s)








(8)

where s is slope in degrees.  Eq. (8) assumes that the average pixel has a width of 15 m (the spectral resolution of the adjusted DEM) and hence its slope length is equal to the hypotenuse of the right triangle (where  = s).  When substituted back into the original equation, L can be solved for solely in terms of s and m:

L = (0.6787/cos(s))m           






(9)

The slope steepness factor is calculated as Eq. (10):

S = 65.41•sin2 s+4.56•sin s+0.065





(10)

A slope of ~5.85˚ is the threshold at which slope factors begin to contribute to increased soil loss (i.e., L•S > 1.0).  Areas of slope greater than 25º should be considered beyond the USLE’s predictive range (Wischmeier and Smith, 1978).
4.5 Cropping (C) and protection (P)
C and P are based on the degree of protection afforded by vegetation cover and management practices against erosive forces.  Because it is difficult to discern management practices when fields are fallow, P can be combined with C to derive qualitative soil loss estimates.  In the USLE, C and P are attained from look-up tables; however, a similar version of these factors can be calculated using SLEMSA (Soil Loss Estimation Model for Southern Africa).  The SLEMSA factor, C, is based solely on rainfall energy interception (I), and appears from Elwell (1978) as Eq. (11).


C = e-0.06•I, for I < 50%                                                

(11)


C = (2.3–0.01•I)/30, for I ≥ 50%

For simplicity, it is assumed that rainfall energy interception is equal to canopy cover, as most direct contact with the canopy will reduce the splash force of raindrops such that they are no longer erosive to soil.  To make a more thorough estimate of rainfall energy interception, factors such as raindrop and leaf angle (this study assumes all raindrop-leaf collisions are perpendicular), leaf-area index and plant height would also need to be considered.  


Canopy cover is equivalent f PAR, so f PAR values calculated from NDVI [Eq. (6)] are substituted for rainfall energy interception in Eq. (11) to solve for the C-factor for each pixel.  In this study, NDVI was modified to adjust for radiation attenuation per 50 m decrease in elevation by performing linear regression on the soil lines at each of these altitudinal intervals.

4.6 Synthesis 

By combining DEM estimates for R, L and S, DRS-predicted averages for K, and ASTER cover estimates for C, a soil loss estimate [A; Eq. (1)] was generated for each 15 x 15 m2 pixel in the village subset.  Pixel values were then ordered numerically and divided into 15 classes (low to high), which correspond to relative rates of estimated soil loss (Fig. 7).

5. Results and Discussion

5.1 Soil and Land Use Classification

Comparing georeferenced soil samples’ site descriptions to ASTER maps, 85 to 94% of points were correctly classified within the soil type map and 83 to 92% of points were correctly classified within the land use map.  Classification error occurred primarily along intersections between soil types (namely, alluvial and valley soil types), though this error may be partly the result of misclassification of reference data in the field.  A more robust assessment of classification accuracy could be attained using confusion matrices (Foody, 2002), which require more reference data than were collected in this study.  There is, however, no indication that classification errors were a significant interference in relation to their subsequent role in the soil loss model.

5.2 Soil Loss Estimates

Numeric values for soil loss range from 0.2 to 116.6 t/ha/yr; values greater than 12.5 t/ha/yr are considered severe for clayey, East African soils, according to Wenner (1981).  In general, clean-tilled fields of steep slope (i.e., >5˚) had the highest estimates (>25.0 t/ha/yr), whereas forested areas in flat, alluvial soils had the lowest estimates (<2.0 t/ha/yr).  More specifically, among arable soil types, soil loss appears most severe in RU2, where 44.5% of fields are estimated to have rates greater than 12.5 t/ha/yr.  By contrast, 34.8% of RU1 fields and only 14.7% of alluvial fields have rates of that magnitude. 

Soil loss estimates were tested against independently derived indicators of erosion.  First, for each pixel, numeric values of soil loss and post-harvest (October) NDVI were compared to pre-harvest (June) NDVI for Pearson product-moment correlations.  Because reflectance values from the June image were not included in the soil loss equation, these tests were performed to assess the degree to which soil loss estimates could offer improved prediction of vegetation vigor over October NDVI.  Then, for ‘fields’ in arable soil types, average soil loss estimates were compared to NDVI (June minus October), crop yields (from survey data), and DRS-predicted contents of N and exch. K.  Theoretically, fields that experience greater soil loss suffer in terms of biomass production (i.e., lower yields and NDVI) and nutrient contents (i.e., of N and K), thus correlations among these independently derived variables could bolster the validity of soil loss estimates.

The Pearson product-moment correlation between soil loss estimates and June (pre-harvest) NDVI, though highly significant (r = -0.21, p < 0.0001), is weaker than the implicit correlation between NDVI in the October and June images (r = 0.29) when applied to all pixels in the village (n = 169,001).  As much of this sample area is closed woodland, this finding affirms that soil loss estimates are not accurate in woodland areas (Wischmeier and Smith, 1978) or, rather, that the relatively low amount of soil loss these areas experience does not have a meaningful impact on vegetation vigor.  When the same test is applied solely to the ‘field’ land use type in the October image (n = 92,444), however, Pearson values are consistently higher for soil loss estimates than for implicit correlation between seasonal NDVI values (Fig. 8).  Particularly in the case of soil type RU2, where both estimated soil loss rates and the difference between correlation coefficients are greatest, this finding implies that soil loss estimates have potential to offer an indication of vigor as crops approach maturity.

Average estimates of soil loss in arable soil types display strong qualitative trends in relation to maize productivity (derived from survey results), temporal NDVI, and nutrient contents (DRS-predicted N and K), (Fig. 9).  In other words, a soil type (e.g., RU1) predicted to have relatively low soil loss is also distinguished by relatively high values for maize productivity, NDVI, and DRS-predicted N and K.  As shown in Fig. 9b, differences in maize yields indicate the following hierarchical relationship among arable soil types’ productivity: A (alluvial) is highest, followed by RU1, L1, RU2, and, lastly, RL1; these differences are significant (p < 0.01).  With the exception of the alluvial soil type, this hierarchy is also seen in DRS-predicted N and K contents (Fig. 9c), although it is of lesser statistical significance (p < 0.1).  For temporal NDVI (Fig. 12), again excluding soil type A, a slightly different hierarchy is observed – RU1 is highest, followed by L1, RL1, and, lastly, RU2 – and is highly significant (p < 0.0001).  In terms of hierarchical ordering, the ambiguity between RL1 and RU2 may be a reflection of sampling bias in the field.  RU2 occupies a greater range of slope values than RL1 (Table 1), and it appears that RU2 fields sampled for crop productivity data and soil spectroscopy were of disproportionately lower gradient relative to the soil type’s actual distribution of gradients.  Thus, if more field data had been collected from RU2’s upper range of slope values, then, theoretically, RU2 would be expected to display lower maize yields and DRS-predicted N and K than RL1, which would be consistent with the other trends.  As variability in both crop types (from field observations) and DRS-predicted soil properties is greatest for the alluvial soil type, and its cultivated area is relatively small in comparison to the other arable soil types (1.4 km2 versus 2.3 – 6.4 km2), A seems incompatible with the trends observed within the other arable soil types.  
Assuming that the trends in Fig. 9 are interrelated, physiographic conditions (namely slope) and results from farmer surveys (Table 2) offer a strong explanation for performance differences among soil types.  Independent of soil type, higher maize yields are significantly related to younger field age (i.e., < 30 yrs; p < 0.1, n = 26), manure application (p < 0.005, n = 37), presence of vegetated contour ridges (p < 0.005, n = 30), and smaller field size (i.e., < 2 ha; p < 0.0001, n = 32).  As previously mentioned, soils are of highest natural fertility in the Northern region, where RU1 and RU2 coexist, yet all results indicate that RU2 experiences greater soil loss – and has been more affected by soil loss – than its sister, RU1.  This may be partly the result of lower use of contour ridges in RU2, however, other field attributes shown in Table 2 are more favorable for RU2 than they are for RU1.  Thus, a more likely conclusion, commensurable with soil types outside the Northern region, is that greater slope is the dominant factor affecting RU2’s poor performance in Fig. 9.  Severe rates of soil loss, primarily on fields of slope greater than 5˚, appear to have offset the soil type’s naturally high fertility.  In fields of the Central and Southern regions, where average slopes are comparatively equal, the combination of lower use of soil conservation measures and larger field sizes appears to be the chief contributor to RL1’s inferior performance in comparison to L1.

Among fields in all arable soil types, slope is the dominant factor in USLE estimates.  It alone accounts for 65.5% of estimates’ variability, whereas cover (i.e., f PAR) accounts for 28.1%, rainfall erosivity (i.e., altitude), 20.1%, and soil erodibility (i.e., clay and OMC), 9.1%.  Moreover, for pixels in village fields estimated to experience severe soil loss rates (i.e., over 12.5 t/ha/yr), a significant, negative correlation (r = -0.34, p < 0.0001) exists between slope and cover.  This correlation is stronger than that for fields which do not possess severe soil loss estimates (r = -0.12), and indicates there exists considerable overlap in fields of relatively steep slope and relatively little cover.  Clearly, it is these fields that should be the primary target of soil conservation efforts. 

6. Conclusions
The combination of ASTER and DRS as a tool for modeling soil loss at the landscape scale appears promising, and, as inexpensive and rapid means of assessment, they would be most useful in developing nations.  Moreover, the methodology is fully compatible with geographic information systems and can be expedited where pre-existing databases (i.e., of land use, soil types) are available.  ASTER seems especially well suited for such applications, first, because of the ease of pairing DEM with reflectance data and, second, because of the sensor’s relatively high spatial resolution.

Qualitatively, results show strong correspondence to relative levels of crop productivity, soil nutrient contents and temporal change in NDVI, with some evidence that the methodology could also serve as a predictor of crop vigor at maturity.  Its application at the micro scale, however, seems limited due to the dominance of slope and cover factors in the equation, factors which can vary considerably within individual ASTER pixels.  Testing correlation to individual site measurements and to ground-based assessments of soil loss is a needed extension of this study and a more thorough means of evaluating the model’s accuracy.   

Nonetheless, as evidenced by results from Kambi ya Simba, soil loss estimates do not necessitate ongoing, in situ field measurements to function effectively, at least at a qualitative level.  In the future, better approximations of soil loss could certainly be made if soil samples were collected commensurate with remotely sensed data on, perhaps, a monthly basis.  Such studies would require a cumulative application of – but not an inherent change to – the methodology presented in this article. 

Finally, it is important to underscore that multidisciplinary approaches combining social and scientific research are most effective at assessing the effects of soil loss when the desired outcome is a document to guide agricultural extension work.  As such, the site-specific data from this study are being used to monitor, prioritize and expand agricultural development in Kambi ya Simba.
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Tables

Table 1.  Attributes of Soils of Kambi ya Simba.

	Soil type
	FAO-UNESCO class
	Location in Village
	Slope
	Elevation (m)
	Other distinctions

	RU1
	Luvic Phaeozem
	Northern
	< 5˚,
	1500-1850 
	

	RU2
	Chromic Luvisol
	Northern
	2-10˚
	1500-1850
	

	RU3
	Chromic Luvisol
	Northern
	10-25˚
	1500-1850
	

	RL1
	Haplic Nitosol/Chromic Luvisol
	Central
	< 5˚
	1430-1550
	slope 

	RL2
	Haplic Nitosol/Chromic Luvisol
	Central
	< 5˚
	1430-1550
	fairly stony to stony

	L1
	Vertic-Chromic Cambisol
	Southern
	< 5˚
	1350-1430
	fairly stony

	L2
	Vertic-Chromic Cambisol
	Southern
	< 5˚,
	1350-1430
	stony to very stony

	A (alluvial)1
	Eutric Fluvisol
	
	< 5˚
	
	

	V (valley)1
	Varies
	
	5-55˚,
	
	fairly stony to exceedingly stony and rocky

	M/E2
	Eutric Vertisol
	Mbuga

Escarpment
	< 5˚

10-55˚
	1470-1530
	very stony to exceedingly stony and rocky

	VH3
	Unclassified
	Northern
	5-25°
	1600-1620
	stony


1 Soil type occurs throughout the village at all regions/elevations.

2 The mbuga, M, is the town center; E is a 50 m escarpment immediately south of M; Together, M and E comprise a transitional area separating the Northern and Central regions.

3 The volcanic hill, VH, is geographically insignificant; no data were collected from the soil type.

Table 2.  Attributes of agricultural fields by soil type.

	Soil type
	Mean age (yrs)
	Use of contour ridges (%)
	Use of manure (%)
	Mean plot size (ha)

	RU1
	42
	76.9
	46.2
	3.2

	RU2
	38
	51.6
	66.1
	2.0

	RL1
	26
	38.1
	52.4
	2.2

	L1
	22
	40.0
	60.0
	1.6

	A
	35
	44.4
	66.7
	0.8


Figure Captions

Figure 1. Map of northern Tanzania; blue quadrangle shows location of ASTER image set.

Figure 2. ASTER digital elevation map and topographic cross-section of Kambi ya Simba village, showing the study regions and major natural features.

Figure 3. Flowchart showing general materials (gray) and methods (white) for producing soil loss estimates using ASTER and DRS.

Figure 4. Soil type map of Kambi ya Simba superimposed on October 2002 ASTER 3:2:1 image.  Refer to Table 1 for soil type descriptions.

Figure 5. Spectrum of simple ratio values indicating thresholds for each region’s land use types per soil type.

Figure 6. Land use map of Kambi ya Simba superimposed on October 2002 ASTER 3:2:1 image.

Figure 7. Qualitative map of soil loss rates calculated from the USLE in Kambi ya Simba superimposed on October 2002 ASTER 3:2:1 image.  Gray areas have cloud cover or slope greater than 25°; soil types are outlined in black.

Figure 8. Correlation (r-value) of soil loss estimates and post-harvest cover (October NDVI) to June NDVI (measure of crop vigor at maturity).  Soil loss estimates show stronger correlation to crop vigor at maturity (June NDVI) than do cover conditions at planting time (October NDVI).  As October cover conditions are a parameter in the soil loss equation (the C-factor), the inclusion of slope, altitude and soil quality parameters contribute to the stronger correlation.  

Figure 9.  Average estimates of a) soil loss, b) maize productivity (derived from survey results), temporal NDVI, and c) nutrient contents (DRS-predicted N and K) in arable soil types. NB: Wheat is grown in the Northern region only; yields in 2003 for RU1 were 1.5 t/ha and for RU2, 1.2 t/ha.  Soil types show qualitative trends with productivity indicators, where degree of soil loss is inversely related to values for maize productivity, NDVI, and DRS-predicted N and K.
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