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ABSTRACT 

 

Visible and near-infrared reflectance spectroscopy (VNIRS) is a rapid and non-destructive 

proximal sensing method that can predict various soil properties, and has the potential to 

dramatically reduce the time and cost of soil analysis. In this study, the predictability of VNIRS 

was assessed for sixteen soil quality indicators of Western Kenyan soils. It successfully predicted 

SQ indicators (R2 > 0.80; ratio of performance to deviation (RPD) > 2.00) including Ca, soil 

organic matter, active carbon, water content at permanent wilting point, cation exchange 

capacity, clay, sand, and Cu of Western Kenyan soil. 

VNIRS was also employed to analyze soil organic carbon (SOC) distribution within a micro-

watershed in Costa Rica. It successfully predicted SOC content with R2 of 0.82. It appears that 

high spatial sampling intensities, inexpensive SOC analysis, and the “measure and multiply” 

extrapolation method provided by VNIRS is highly applicable for studying SOC distribution in 

complex agroforestry watershed.  
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CHAPTER 1. STRATEGIES FOR SOIL QUALITY ASSESSMENT USING VNIR 

HYPERSPECTRAL SPECTROSCOPY IN A WESTERN KENYA CHRONOSEQUENCE 

 

1.1. ABSTRACT 

Visible and near-infrared reflectance spectroscopy (VNIRS) is a rapid and non-destructive 

method that can predict various soil properties. However, its application in multidimensional soil 

quality (SQ) assessment in the tropics still needs to be further assessed. VNIRS (350-to-2500 

nm; 1 nm resolution) was employed to analyze 227 air-dried soil samples of Ultisols from a 

chronosequence study in Western Kenya and assess sixteen soil quality indicators. Partial least 

squares regression (PLSR) was validated using the leave-ten-out method as well as independent 

model validation with two subsamples consisting of 70 % (n = 159) and 30 % (n = 68) of total 

samples. Models using raw reflectance data successfully predicted SQ indicators (R2 > 0.80; ratio 

of performance to deviation (RPD) > 2.00) including Ca, soil organic matter (OMLOI), active 

carbon (Cact), water content at permanent wilting point (Θpwp), cation exchange capacity (CEC), 

clay, sand, and Cu. Moderately-well predicted indicators  (0.50 < R2 < 0.80; 1.40 < RPD < 2.00) 

were water stable aggregation (WSA), water content at field capacity (Θfc), pH, silt, Mg, 

available water capacity (AWC), penetration resistance between 15 and 45 cm (PR45) and P. 

Poorly predicted indicators (category C; R2 < 0.50; RPD < 1.40) were S, EC, K, Zn, and 

penetration resistance between 0 and 15 cm (PR15). In independent model validation, only sand 

and Ca failed to achieve R2> 0.80 and RPD > 2.00. Raw reflectance was generally superior over 

1st derivative reflectance in the prediction of the SQ indicators, whereas the combination of raw 
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and 1st derivative reflectance slightly improved the prediction accuracy. Combining VNIRS with 

selected field- and laboratory-measured SQ indicator values increased predictability.  

Furthermore, VNIRS showed moderate to substantial agreement in predicting interpretive SQ 

scores and a composite soil quality index (CSQI). Results indicate that low cost VNIRS has good 

potential for substituting laboratory-based methods for many physical and biological soil quality 

indicators, especially when combined with inexpensively measured pH, EC, PR15, and PR45.  

But conventional soil chemical tests of P, K, Zn, and S may need to be retained to provide 

comprehensive soil quality assessments. 

 

1.2. KEYWORDS 

Soil quality; VNIR spectroscopy; PLSR; soil reflectance; Africa 

 

1.3. INTRODUCTION 

Concerns about soil degradation and related soil organic carbon losses are prevalent in Africa. 

The loss of soil organic carbon is related to yield loss by soil erosion, and poor nutrient and 

water retention, and also contributes to climate change and degradation of societal welfare 

(Millennium Ecosystem Assessment, 2005; Lal, 2006). In order to meet an increasing demand 

for food, farmers must augment agricultural output while sustainably managing their soil 

resources. Consequently, there is a need for local soil quality (SQ) assessment to support 

implementation of site-specific soil conservation measures that help alleviate SQ constraints. 
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Local SQ assessment is also important for monitoring sustainable agricultural land management 

practices to qualify for participation in carbon credit trading (The World Bank, 2010).  

 

Doran and Parkin (1994) defined soil quality as “the capacity of a specific kind of soil to 

function, within natural or managed ecosystem boundaries, to sustain plant and animal 

productivity, maintain or enhance water and air quality, and support human quality and 

habitation”. Assessment of SQ may be achieved by measuring SQ indicators that represent soil 

physical, chemical and biological properties which in turn govern soil processes (Doran and 

Parkin, 1994). Moebius-Clune (2010) established a framework for assessing dynamic SQ using 

selected indicators for smallholder agricultural soils from Western Kenya, most of which are also 

measured by the publicly available Cornell Soil Health Test (Idowu et al, 2008; Gugino et al. 

2009). These SQ indicators include soil texture, total soil organic matter (OMLOI) content, active 

C content (Cact), water stable aggregation (WSA), water content at field capacity (Θfc), water 

content at permanent wilting point (Θpwp), available water capacity (AWC), soil penetration 

resistance between 0 and 15 cm (PR15) and between 15 and 45 cm (PR45), pH, electrical 

conductivity (EC), cation exchange capacity (CEC), P, K, Ca, Mg, Cu, Zn and S. Interpretive SQ 

scores based on the measured indicators were also developed utilizing indicator- and texture-

specific scoring functions to identify SQ constraints (Moebius-Clune, 2010). Having successfully 

measured and defined these SQ indicators and SQ constraints using field- and laboratory-based 

methods, we are interested in developing a more rapid, and cost effective method that requires 

minimal infrastructure for determining SQ.   
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Visible and near-infrared reflectance spectroscopy (VNIRS) was first applied in the assessment 

of moisture content of seeds as well as other plant products (Hart et al., 1962), and also the 

examination of seed and forage quality (Williams, 1975). In soil science, Chang et al. (2001) 

successfully predicted total organic carbon and nitrogen, gravimetric soil water content, soil 

water content at -1.5 MPa, exchangeable calcium, CEC, silt, and sand content with R2 > 0.80. 

Others have also utilized VNIRS for assessment of potentially mineralizable nitrogen (Reeves 

and Van Kessel, 1999; Morón and Cozzolino, 2002), heavy metals, micronutrients (Kooistra et 

al., 2001; Cozzolino and Morón, 2003; Udelhoven et al., 2003), and AWC and WSA (Idowu et 

al., 2008). In addition, spatial variability within a single field can be more accurately predicted 

by VNIRS compared to existing methods since larger numbers of samples can be processed 

rapidly at low cost (Bilgili et al., 2011; Hively et al., 2011). Hand-held units for in-situ soil 

estimation, as well as with airborne systems are also available, which may further increase 

efficiency, availability, and spatial coverage (Kooistra et al., 2003; Stevens et al., 2008).  

VNIRS is a non-destructive technique to analyze visible (350-700 nm) and near infrared (700-

2500 nm) reflectance spectra that can be interpreted using multivariate statistical or data mining 

techniques that relate spectra to directly-measured soil characteristics. The resulting prediction 

models can be used to assess soil properties of unknown samples. In the mid-infrared region, 

stretching and bending vibrations in molecular bonds such as C-C, C-H, N-H and O-H cause 

absorption of specific spectral bands of equal energy (Johnston et al., 1994; Reeves et al., 2011, 

in review). These molecular responses cause weak spectral overtones in the near-infrared region 

that can be detected through VNIRS. In the near-infrared region, physical properties of soil, such 

as the size and the shape of soil particles, the voids between soil particles and the arrangement of 
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soil particles, also affect the spectral characteristics (Reeves et al., 2011, in review). Soil 

properties are categorized as primary properties when their effects on spectral overtones (related 

to organic functional groups, particle sizes and water) are directly represented by the measured 

indicator (total C, total N, moisture content, particle size, and aggregation; Chang et al., 2001). 

Other soil properties are categorized as secondary properties, meaning that VNIRS is known to 

successfully predict these because they are correlated with primary properties.  

 

Different statistical data processing methods may provide variable predictive outcomes. Some 

authors used the first derivatives of soil reflectance spectra (Chang et al., 2001; Reeves et al., 

2002; Shepherd and Walsh, 2002; Russell, 2003; Morón and Cozzolino, 2004; Couteaux et al., 

2005), while others used raw spectra (Reeves et al., 2006; Bilgili et al., 2010), or second 

derivatives (Salgó et al., 1998; Fystro, 2002). Diverse methods also exist for model calibration 

such as principal component regression (PCR), partial least squares regression (PLSR), stepwise 

multiple linear regression (SMLE), Fourier regression, locally weighted regression (LWR) and 

artificial neural networks (Creaser and Davies, 1988; Naes and Isaksson, 1990; Holst, 1992). 

Although Chang et al. (2001) argued that no universally perfect calibration methods exist, partial 

least squares regression (PLSR) is emerging as a successful method that has similar or better 

predictability than other methods (Viscarra Rossel et al., 2006; Bilgili et al., 2010).  

In addition, Reeves et al. (2011, in review) mention that the most accurate model calibration is 

achieved when calibration samples are collected in close proximity to the unknowns and a wide 

data range is included. 
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The objectives of this study were to (1) examine whether VNIRS is a suitable method to rapidly 

assess SQ for agricultural soils from Western Kenya, (2) to determine the most suitable spectral 

preprocessing method for SQ indicator prediction, (3) to assess the predictability of SQ 

indicators by the combined uses of VNIRS and field or laboratory measured SQ indicator values, 

and (4) to evaluate whether single or combined uses of VNIRS is applicable to predict 

interpretive SQ scores and a composite soil quality index (CSQI) established as part of the 

Cornell Soil Health Test (Gugino et al., 2009; Moebius-Clune, 2010; Moebius-Clune et al., 

2011),  

 

1.4. MATERIALS AND METHODS 

1.4.1. Location, Climate and Soil 

The study site is located at the Kakamega-Nandi Forest margins in Vihiga (between 0°00’ N and 

0°13’ N latitude and between 34°45’ E and 35°03’ E longitude) in Western Kenya, which is the 

largest remainder of Guineo-Congolean Forest in the country. The surrounding catchment feeds 

Lake Victoria (Lung and Schaab, 2006). Government settlement plans and poverty in the area 

have caused conversion of the forest into subsistence agricultural land, which is the dominant 

form of land use along the forest margins in the area. Annual rainfall ranges from 1800 to 2100 

mm year-1, peaking in two rainy seasons from March to August and September to January. This 

bimodal rainfall pattern allows for two cereal cropping periods per year. 

A chronosequence study was carried out using forested sites along with surrounding continuous 

maize fields (Co) and kitchen gardens (Ki) that were converted from primary forest during the 
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1900s. The site has been used to assess changes in carbon and nutrient pools, nutrient use 

efficiency and SQ degradation over time after conversion to agriculture (Kimetu et al., 2008; 

Kinyangi, 2008; Ngoze et al., 2008; Moebius-Clune et al., 2011). The site’s soils are Ultisols 

which contain low activity kaolinite and high contents of Fe and Al oxides (Krull et al., 2002). 

Two distinctive parent materials were present, biotite-gneiss in the Nandi region, and 

undifferentiated basement system rock, composed predominantly of Precambrian gneisses in the 

Kakamega region (Krull et al., 2002; Solomon et al., 2007; Kimetu et al., 2008).  

The Kakamega chronosequence consists of three clustered forest sites and twelve farms 

converted approximately in 1930, 1950, 1970, 1985, and 1995 with elevation ranging from about 

1600 to 1700 m (  = 1632 m, s = 36 m), and with coarser soil textures. The Nandi 

chronosequence contains three forest areas with three individual forest sites in each area and 

twenty-seven farms converted approximately in 1900, 1930, 1950, 1970, 1985, 1995, and 2000, 

with elevation ranging from 1560 to 2028 m (  = 1789 m, s = 108 m), and finer soil textures. A 

wide range of soil degradation dynamics over 100 years (Moebius-Clune et al., 2011) provides 

an ideal range in soil quality status for building a model for VNIRS analysis. 

 

1.4.2. Management Systems 

Two different long-term agricultural land management systems were sampled within each farm: 

Continuous maize and kitchen gardens (Moebius-Clune et al., 2011). Maize fields were tilled 

twice a year to a depth of 10 to 15 cm by hand hoe and received negligible amounts of fertilizer 

until 2004, after which N, P and K fertilizer were applied at the rate of 120, 100, 100 kg ha-1 per 

cropping season (Kimetu et al., 2008; Ngoze, 2008). Four organic matter amendment treatments 

€ 

x

€ 

x
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were also implemented on continuously cropped maize fields for three consecutive growing 

seasons starting in 2005 (Kimetu et al., 2008). Amended plots received 6t C ha-1 equivalent of 

Tithonia diversifolia leaves (Ti), cattle manure (Ma), wood charcoal (Ch), or sawdust (Sa) for a 

total of 18 t C ha-1 (Kimetu et al., 2008).  In kitchen gardens, diverse fruit and vegetable crops 

were grown in polyculture receiving household organic wastes and cooking ash (Moebius-Clune 

et al., 2011).  

 

1.4.3. Soil Sampling 

Soil samples were collected in July and August 2007 from four primary forest areas, and from 

farm fields of all conversion years and six treatments of Ki, Co, Ti, Ma, Ch, Sa, from the 0-to-15 

cm depth using a Dutch type soil auger after the removal of surface residue (Moebius-Clune, 

2010). At each sampling point, five sub samples were collected and then mixed to obtain a 

representative sample. Collected soil samples were air-dried and passed through a 2-mm sieve.  

 

1.4.4. Soil Quality Assessment 

Soil quality was assessed by Moebius-Clune (2010) using a modified set of indicators from the 

Cornell Soil Health Test (Idowu et al., 2008; Gugino et al., 2009).  Soil penetration resistance 

was measured in the field using a soil compaction tester (DICKEY-john Corporation; Auburn, 

IL), for surface (0-to-15 cm, PR15) and subsurface soils (15-to-45 cm, PR45). The remaining 

indicators were measured using laboratory procedures. Soil texture, an inherent soil property that 

adjusts the interpretation of dynamic SQ, was assessed using a rapid quantitative method 
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developed by Kettler et al., (2001). The soil sample was dispersed with 3% hexametaphosphate 

((NaPO3)n) and a combination of sieving and sedimentation steps was used to separate size 

fractions. WSA was assessed using a rainfall simulator (Ogden et al., 1997) that allows the soil 

particles to slake under known rainfall energy, applying 2.5 J of energy for 300 s on aggregates 

(0.25 - 2 mm) placed on a 0.25 mm mesh sieve 21. The fraction of soil aggregates remaining on 

the sieve, corrected for stones >0.25 mm, was regarded as the percent WSA after drying at 105 

°C (Gugino et al., 2009). Θfc, Θpwp, and AWC were assessed gravimetrically. Saturated soil 

samples were equilibrated to pressures of 10 kPa (Θfc) and 1500 kPa (Θpwp) on two ceramic high 

pressure plates (Topp et al., 1993). The difference in moisture content between these two 

pressure points was considered as the AWC. OMLOI was analyzed by loss on ignition in a muffle 

furnace (350°C for 18 hours). The low temperature prevents structural water loss, which is 

known to occur at 450 – 600°C (Ball, 1964; Rhodes et al., 1981). Cact was measured by oxidizing 

samples with dilute potassium permanganate (KMnO4) followed by measuring absorbance at 550 

nm using a hand-held colorimeter (Hach, Loveland, CO). Cact is recognized to be very sensitive 

to soil management and correlated with soil microbial activity, aggregation and crop yield (Islam 

and Weil, 2000; Weil et al., 2003; Mtambanengwe et al., 2006). A 1: 2.5 soil and water 

suspension was assessed for pH and EC using a hand-held portable probe (SM802 Smart 

Combined Meter, Milwaukee Industries, Inc., Rocky Mount, NC). Soil pH and EC are overall 

indicators of nutrient availability, and EC has also been used as an indicator of soil nitrate 

concentration and soil salinity (Arnold et al., 2005; Bastida et al., 2008; Wongpokhom et al., 

2008). Soil nutrients, including P, K, Mg, Ca, Zn, Cu and S, were extracted using Mehlich-3 

(Mehlich, 1984) and quantified by plasma optical emission spectrometry (ICP-OES, Varian 730-
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ES, Mulgrave, Victoria, Australia), and CEC was calculated as the sum of K, Mg, Ca and 

exchangeable acidity by the Agricultural Analytical Services Laboratory (Pennsylvania State 

University, University Park, PA).       

 

1.4.5. Data Interpretation and Scoring Curves 

Measured values of SQ indicators can be interpreted using non-linear scoring functions to assess 

the degree to which soil processes may be constrained. The development of the scoring curves 

used for this study was described by Moebius-Clune (2010). Briefly, three types of scoring 

functions were constructed: ‘less is better’ (for PR15 and PR45), ‘optimum range’ (for pH) and 

‘more is better’ (for OMLOI, Cact, WSA, AWC, EC, P, and K; Karlen et al., 1994). A cumulative 

normal distribution function was applied to each measured SQ indicator to calculate SQ scores: 

 

where x is the SQ indicator value, m is the population mean, s is the standard deviation of the 

population, and erf denotes the error function. Clay content (<15% or >15%) was utilized to 

select a texture-based scoring function for WSA, AWC, PR45, OMLOI, Cact, and K since the 

interpretation of these measured values must take into account inherent effects of soil particle 

size (Dexter, 2004; Moebius et al., 2007). 

SQ scores for each indicator were interpreted to signify optimum (70 ≤ score ≤ 100), 

intermediate (30 < score < 70) and constrained (0 ≤ score ≤ 30) functioning of soil processes. A 

composite soil quality index (CSQI) was calculated as the mean value of the above ten individual 
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SQ scores, and provides an overall assessment of soil quality. The CSQI values were 

qualitatively interpreted as CSQI < 40 (very low), 40 < CSQI < 55 (low), 55 < CSQI < 70 

(medium), 70 < CSQI < 85 (high), and CSQI > 85 (very high).   

 

1.4.6. Visible and Near-Infrared Reflectance Spectroscopy (VNIRS)  

The reflectance of soil samples was determined in both the visible and near infrared spectral 

regions between 350 nm and 2500 nm at 1 nm resolution using a Fieldspec Pro hyperspectral 

sensor (Analytical Spectral Devices, INC., Boulder, CO). Air-dried samples were placed in a 4 

cm diameter optical quality petri dish, and spectral reflectance was collected through the glass 

bottom at a constant angle (55 degrees from horizontal) from a distance of 4 cm, in an enclosed 

box. A tungsten quartz halogen lamp was used as a light source (Muglight sensor attachment; 

Analytical Spectral Devices, INC., Boulder, CO), and the reflectance was measured using a 

fiberoptic cable. After 50 readings, the sample petri dish was rotated 90 degrees and another 50 

readings were taken, which were averaged to produce two spectra per sample. The signal was 

optimized before the measurement and the accuracy of the detector was checked every 8 samples 

using a white Spectralon standard. When the white Spectralon reading was not stable, the 

instrument was recalibrated.  

 

1.4.7. Spectrum Preprocessing 

Reflectance data were exported from binary to ASCII file format using ViewSpec Pro software 

(Analytical Spectral Devices, INC., Boulder, CO). The two spectral readings per sample 
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obtained during measurement were averaged using Unscrambler 10.0.1 (CAMO software, Oslo, 

Norway, 2010). Derivative values were used to overcome baseline noise and to amplify spectral 

signals (Reeves et al., 2002).  First derivatives were calculated using the Savitsky-Golay 

transformation (Savitzky and Golay, 1964), which performs a second order polynomial 

regression using 4 points to the left and one point to the right side of each point for smoothing. 

This transformation method is suitable for VNIRS applications since it removes noise from the 

data while retaining original spectral characteristics with minimum distortion (Ruffin and King, 

1999). Wavelengths with low signal to noise ratio (350-420 nm, 961-1019 nm, 1771-1829 nm, 

and 2481-2500), resulting from splicing between individual spectrometers were omitted before 

data analysis.  

 

1.4.8. VNIRS Modeling 

The VNIRS analysis utilizes empirical models based on correlations between soil reflectance and 

soil property values. Calibration models for predicting SQ indicator values were constructed 

utilizing the partial least squares regression (PLSR) method, which is commonly applied in 

VNIRS studies for predicting wide ranges of soil properties (Bilgili et al., 2010; Kusumo et al., 

2010; Hively et al., 2011). It relates two variables, X (spectral readings) and Y (measured soil 

property values), by a linear multivariate model. Orthogonal and weighted linear combinations of 

the spectral readings are used for predicting each Y variable. PLSR is suited to handle data with 

strong collinearity in the (X) variables, which are usually more numerous than the observations 

(Y) that they predict. The selection of the number of factors (F) to include was critical to avoid 

over-fitting or under-fitting of the model to the data. Over-fitting of calibration models reduces 
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their ability to predict soil properties of new unknown soil samples. In this study the smallest 

number of F that produces sufficiently small root mean square error of prediction (RMSEP) was 

selected by analyzing the total residual variance plot. Also, the maximum F was restricted to 20. 

For the purpose of determining the most suitable spectral preprocessing method, the leave-ten-

out cross validation method was used (Heise et al., 2002). Separate validation sample subsets 

(Brunet et al., 2007; Bilgili et al., 2010) were also used to assess the predictive ability of each 

model, using the best preprocessing method. For this purpose, samples were divided randomly 

into two subsets consisting of 70 % (validation set 1, n = 159) and 30 % (validation set 2, n = 68) 

of the total samples and each of the subsets was used once for each calibration and validation.     

 

1.4.9. Prediction Accuracy 

The accuracy of each PLSR model for SQ indicator prediction was evaluated using the 

coefficient of determination (R2) of measured vs. VNIRS-predicted values. RMSEP, a measure 

of accuracy and precision calculated as the differences between model-predicted values and 

observed values, was determined as shown in Eq. [2]; 

 

The ratio of performance to deviation (RPD) was also calculated, which is the ratio of standard 

deviation to standard error of prediction in each sample. It is a measure of the ability of a 

VNIRS-based model to predict each SQ indicator (Williams and Sobering, 1993).  
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1.4.10. Combined Use in Modeling of VNIRS and Selected Soil Properties 

Research has generally found poor predictability by VNIRS of soil chemical properties such as 

K, Zn, Na, and EC (Chang et al., 2001; Awiti et al., 2008; Idowu et al., 2008; Bilgili et al., 2010), 

which constrains its application as a tool for soil nutrient analysis. Therefore, we evaluated the 

combined uses of VNIRS with selected soil nutrient laboratory measurements to predict other 

SQ indicators through the PLSR model. Morgan et al. (2009) combined the VNIRS values with 

soil color, soil pH, and soil reaction to 1M HCl to predict organic and inorganic C, which 

resulted in higher predictability compared to VNIRS alone. In this study, the selected auxiliary 

measurements were soil penetration resistance (PR15 and PR45), soil pH, and EC, which require 

only minimal investments in equipment and can be operated in the field. In addition, 

conventional soil nutrient analyses may be combined with VNIRS where a conventional soil-

testing laboratory is well established, which sometimes is the case in Africa.      

The tested combinations of predictors were 1) raw reflectance VNIRS, plus PR15, PR45, pH, 

and EC, and 2) same as 1), plus soil chemical indicator values (CEC, P, K, Ca, Mg, Cu, Zn, and 

S).  

 

1.4.11. Categorical Prediction 

Understanding soil process constraints for each soil sample is important as this can guide 

development of site-specific soil management strategies (Moebius-Clune, 2010). Having 

classified each SQ score into three categories (optimum, intermediate and constrained) or five 

categories for the CSQI (very high, high, medium, low and very low), it was assessed whether 

raw reflectance VNIRS-PLSR models are capable of predicting these classifications with 
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sufficient accuracy. The VNIRS-predicted values were used to calculate specific SQ scores 

through the non-linear scoring functions presented by Moebius-Clune (2010). In addition, the 

best combined VNIRS-laboratory prediction model was compared to the raw reflectance 

VNIRS-PLSR model for SQ score analysis. The kappa statistic (κ ), which measures the 

percentage agreement between two different analysis methods by testing the hypothesis that the 

agreement between the two methods occurred just by chance (Viera and Garrett, 2005), was 

applied for this purpose. The kappa statistic, which has been used to validate the quality of 

various remote sensing-based predictions against direct measurement (Aspinall, 2002; 

Chikhaoui, et al., 2005; Bilgili et al., 2010), is determined as; 

 

where po is percentage observed agreement and pe is expected agreement by chance alone (Viera 

and Garrett, 2005). A κ value of 1 indicates perfect agreement whereas a κ of 0 refers to 

agreement just by chance. The percentages of correctly classified samples, as well as the kappa 

statistic were calculated using Microsoft Excel (Microsoft Corporation, Redmond, WA, 2010).      

 

1.5. RESULTS AND DISCUSSION  

1.5.1. Soil Properties 

Summary statistics of the SQ indicators show a wide range of values for each indicator due to the 

nature of the chronosequence study design, which represents 100 years of soil degradation 

dynamics (Table 1.1). The wide range of values used as an input for PLSR was favorable for 
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building a rigorous model as discussed by Reeves et al. (2011, in review). Ca had the highest 

concentration of all the exchangeable cations (mean = 1675 mg kg-1) and therefore occupied the 

highest fraction of the CEC. In our study, several indicators were hypothesized to be primary 

properties (i.e. properties assumed to be directly measured by VNIRS via reflectance from soil 

physical make-up or molecular bonds) such as sand, silt clay, OMLOI, Cact, and WSA and the 

remaining measured indicators as secondary properties (Table 1.2; Chang et al., 2001).  

Pearson correlation coefficients indicated significant correlations (α = 0.01 or α = 0.05) between 

some secondary properties and primary properties.  

In our study, Θfc, Θpwp, and AWC were strongly correlated to texture and Cact since water is 

stored in soil pores and active soil organic matter, but less correlated to OMLOI, which is an 

indicator of total organic matter content. CEC and Ca were also strongly correlated with Cact (r = 

0.86 and 0.87) as a result of high CEC in the soil organic matter fraction itself. CEC was also 

strongly correlated with Ca and Mg (r = 0.83), in part owing to the fact that it was measured as 

the sum of K, Mg and Ca. These significant correlations can partly explain the acceptable 

predictability of VNIRS for secondary properties (Ben-Dor and Banin, 1995). Bilgili et al. 

(2010) similarly showed high correlations of clay and CEC to Ca and Mg content similarly, and 

suggested that the good predictability of secondary properties can be explained by these 

correlations. 

1.5.2. Soil Reflectance 

Raw reflectance spectra (Fig. 1.1a) and the first derivatives (Fig. 1.1b) are shown for all 227 soil 

samples. As is typical of soils, the reflectance was lower in the visible range and increased in the 

near-infrared range between 700 nm and 1800 nm. There were three distinctive absorbance  



 17 

Table 1.1 Descriptive statistics of the measured soil quality indicators (n=227). 
  Min Max Mean St.dev 

Sand (%) 8 72 44 15 

Silt (%) 16 64 38 10 

Clay (%) 4 45 18 9 

OMLOI
a (g kg-1) 24.9 208.7 77.3 37.7 

Cact
b (mg kg-1) 24 1306 483 283 

WSAc (%) 21 99 61 20 

Θfc 0.18  .52 0.32 0.07 

Θpwp 0.07 0.35 0.17 0.05 

AWCd (m3 m-3) 0.07 0.26 0.15 0.04 

PR15e (kPa)  9 2172 207 227 

PR45f (k a) 393 3103 1404 668 

pH 4.90 7.95 6.04 0.59 

ECg (dS m-1) 0 0.31 0.04 0.05 

CEC (cmol kg-1) 7 28 16 5 

P (mg kg-1) 4 205 37 30 

K (mg kg-1)  2 1250 287 184 

Ca (mg kg-1) 150 5016 1675 1074 

Mg (mg kg-1) 28 664 219 133 

Cu (mg kg-1) 0.71 7.69 2.85 1.51 

Zn (mg kg-1) 1.48 78.22 11.6 11.79 

S (mg kg-1) 9.81 28.09 14.52 2.90 
 

    

a OMLOI = total organic matter by loss on ignition at 350 C. 
b Cact = permanganate-oxidizable, biologically active carbon. 
c WSA = water stable aggregation. 
d AWC = available water capacity 
e PR15 = penetration resistance between 0 and 15 cm. 
f PR45 = penetration resistance between 15 and 45 cm. 
g EC = electrical conductivity  
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Table 1.2 Pearson correlation coefficients for the measured soil quality indicators 
 Sanda Silta Claya OMLOI

a Cacta WSAa Θfc
b Θpwp

b AWCb PR15b PR45b pHb ECb CECb Pb Kb Cab Mgb Cub Znb Sb 

Sanda 1.00                     

Silta -0.80** 1.00                    

Claya -0.79** 0.26** 1.00                   

OMLOI
a ns 0.29** -0.26** 1.00                  

Cacta ns 0.18** -0.31** 0.23** 1.00                 

WSAa -0.21** 0.15* 0.18** ns 0.67** 1.00                

Θfc
b -0.50** 0.63** 0.15* 0.26** 0.71** 0.55** 1.00               

Θpwp
b -0.62** 0.49** 0.50** ns 0.55** 0.76** 0.80** 1.00              

AWCb ns 0.44** -0.36** 0.36** 0.52** ns 0.69** ns 1.00             

PR15b ns ns 0.17** ns ns 0.14* ns ns -0.29** 1.00            

PR45b ns ns 0.19** ns -0.35** -0.16* -0.20** ns -0.23** 0.54** 1.00           

pHb ns 0.20** -0.27** 0.15* 0.53** 0.23** 0.39** 0.18** 0.43** ns ns 1.00          

ECb 0.17** ns -0.33** 0.16* 0.61** 0.40** 0.43** 0.29** 0.35** ns ns 0.71** 1.00         

CECb ns 0.23** ns 0.16* 0.86** 0.67** 0.71** 0.65** 0.39** ns -0.30** 0.45** 0.45** 1.00        

Pb 0.41** -0.24** -0.41** ns ns ns -0.29** -0.39** ns 0.21** 0.34** 0.31** 0.41** -0.14* 1.00       

Kb ns ns ns ns 0.47** 0.50** 0.33** 0.42** ns ns ns 0.58** 0.63** 0.52** 0.27** 1.00      

Cab ns 0.17* -0.27** 0.16* 0.87** 0.51** 0.66** 0.47** 0.53** ns -0.29** 0.76** 0.65** 0.83** ns 0.50** 1.00     

Mgb ns 0.28** ns 0.19** 0.79** 0.58** 0.73** 0.61** 0.47** ns -0.15* 0.71** 0.71** 0.83** ns 0.62** 0.86** 1.00    

Cub ns 0.27** -0.26** 0.20** -0.35** -0.63** ns -0.40** 0.33** ns ns ns ns -0.49** ns -0.36** -0.23** -0.21** 1.00   

Znb ns ns -0.21** 0.28** 0.34** 0.18** 0.20** ns 0.21** ns ns 0.59** 0.62** 0.27** 0.43** 0.44** 0.40** 0.44** ns 1.00  

Sb ns ns ns ns 0.15* 0.21** 0.16* 0.19** ns 0.14* 0.21** ns 0.45** ns 0.26** ns ns ns ns 0.17* 1.00 

**,* Significant at α = 0.01 and 0.05, respectively  

ns = not statistically significant at α = 0.05 
a = primary property 
b = secondary property 
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bands at 1400, 1900 and 2200 nm. The spectral band at 1400 nm is strongly affected by OH 

features of free water and clay lattices whereas the band at 1900 nm is affected by OH features of 

free water and 2200 nm by OH features of clay lattices (Hunt, 1980). 

Albedos for the entire sample set showed a maximum value of 60% (Fig. 1.1a), which is 

comparable to a study on similar Kenyan soils (Nitisols; Awiti et al., 2008). Generally, higher 

soil organic matter contents, and thus darker soils, appear lower on the raw spectral reflectance 

axis (Stoner and Baumgardner, 1981; Ben-Dor et al., 1999; Vagen et al., 2006). Particle sizes 

alter the albedo as well, with larger particles showing lower reflectance of incoming light, 

although this relationship is partly affected by soil mineralogy (Bowers and Hanks, 1965; 

Viscarra Rossel and McBratney, 1998a,b). Our spectral data had a wide range of reflectance due 

to significant variability in SQ representing the dynamics of soil degradation (Fig. 1.1a) 

 

1.5.3. Prediction of Soil Properties 

The leave-ten-out cross-validation method was applied to compare three spectral pre-processing 

methods for predicting SQ indicators. Prediction accuracy was assessed by R2, RMSEP and RPD 

(Table 1.3). RPD was adopted in our study, since RMSEP alone cannot provide sufficient 

information on model predictability due to the variable SD of the SQ indicators, while RPD can 

be compared across properties measured in different units. No critical value exists for RPD in 

soil science, but an RPD > 2 is denoted as satisfactory (Chang et al., 2001). We adopted three 

categories of predictability suggested by Chang et al. (2001), which were category A (R2 > 0.80; 

RPD > 2.00), category B (0.50 < R2 < 0.80; 1.40 < RPD < 2.00), and category C (R2 < 0.50; RPD  
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Fig. 1.1 Soil raw spectra (a) and first derivative spectra (b) for the full data set (n=227) 
(a) 

 
 (b) 
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Table 1.3 Statistical results of cross-validation of indicator prediction based on VNIRSa with PLSRb using raw reflectance, first 
derivative or combination of both.  

               

  
  

Raw Spectra 
  

    
  

First Derivative Spectra 
  

    
  

Raw + First 
  

  

  Fc R2d RMSEPe RPDf   F R2 RMSEP RPD   F R2 RMSEP RPD 

Sand 14 0.84 6.04 2.50  6 0.74 7.69 1.97  14 0.80 6.11 2.48 

Silt 14 0.73 5.03 1.92  7 0.59 6.21 1.56  15 0.74 4.95 1.95 

Clay 10 0.87 3.35 2.80  4 0.85 3.61 2.59  10 0.87 3.38 2.77 

OMLOI 10 0.91 11.26 3.35  6 0.88 13.06 2.89  10 0.91 11.08 3.40 

Cact 10 0.89 92.44 3.07  5 0.84 112.45 2.52  10 0.90 90.45 3.13 

WSA 8 0.78 9.18 2.15  6 0.80 8.90 2.22  8 0.79 9.17 2.15 

Θfc 11 0.77 0.04 2.09  7 0.71 0.04 1.85  11 0.77 0.03 2.10 

Θpwp 14 0.89 0.02 2.98  7 0.83 0.02 2.41  13 0.88 0.02 2.90 

AWC n/a 0.63 0.03 1.62  n/a 0.61 0.03 1.59  n/a 0.60 0.03 1.53 

PR15 8 0.15 210.53 1.08  2 0.12 214.32 1.06  8 0.14 210.93 1.08 

PR45 17 0.62 411.78 1.62  5 0.51 471.78 1.42  17 0.62 410.27 1.63 

pH 19 0.76 0.29 2.04  6 0.54 0.40 1.47  19 0.77 0.29 2.05 

EC 10 0.44 0.03 1.34  3 0.29 0.04 1.18  10 0.44 0.03 1.34 

CEC 10 0.88 1.82 2.88  3 0.84 2.11 2.47  10 0.88 1.81 2.89 

P 18 0.59 19.53 1.55  5 0.28 25.66 1.18  18 0.60 19.19 1.58 

K 4 0.31 153.49 1.20  2 0.26 159.12 1.16  4 0.30 154.19 1.19 

Ca 15 0.91 328.57 3.27  6 0.83 440.79 2.44  15 0.90 340.77 3.15 

Mg 10 0.72 70.12 1.90  4 0.63 81.01 1.65  10 0.72 70.72 1.89 

Cu f10 0.83 0.61 2.47  6 0.83 0.62 2.45  10 0.84 0.60 2.50 

Zn 5 0.22 10.45 1.13  2 0.11 11.19 1.05  4 0.20 10.53 1.12 

S 13 0.45 2.14 1.35  3 0.30 2.45 1.19  13 0.47 2.11 1.38 
a VNIRS = visible and near infrared spectroscopy 
b PLSR = partial least squares regression 
c F = number of factors used in PLSR 
d R2 = coefficient of correlation 
e RMSEP = root mean square of prediction 
f RPD = ratio of performance to deviation 
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< 1.40). Whenever either one of the criteria failed to comply with a category, the indicator was 

placed in a lower category. Overall, best predictions were achieved with raw reflectance spectra 

for nine out of nineteen indicators, which categorized Ca, OMLOI, Cact, CEC, Θpwp, clay, sand, 

and Cu in category A, WSA, Θfc, pH, silt, Mg, AWC, PR45, and P in category B, and S, EC, K, 

Zn, and PR15 in category C. The indicators in category A are either primary properties or 

secondary properties having significant Pearson correlations (Table 1.2) with the primary 

properties. The indicators in category B may be better predicted by combining VNIRS and 

predictive conventional analytical methods as discussed below whereas the category C indicators 

will not be accurately predicted by VNIRS. The poor prediction performance in category C could 

be caused by the result of poor correlations to primary properties as discussed previously (Table 

1.2). The predictabilities in category C were in line with the study by Chang et al. (2001) on Zn 

(R2 = 0.44) and by Bilgili et al. (2010) on EC (R2 = 0.27) and K (R2 = 0.38), where the authors 

also cite poor correlations between the predicted soil properties and the primary properties.     

 

Using 1st derivative reflectance, the models for predicting Ca, OMLOI, Cact, CEC, Θpwp, clay, Cu, 

and WSA remained in category A but a better predictability was only found for WSA compared 

to raw reflectance (Table 1.3). This is in agreement with Bilgili et al. (2010), who showed better 

predictability with raw reflectance for soil organic matter and soil texture using the same 

experimental set up. As an example, OMLOI content was well predicted by the raw reflectance 

method (R2 = 0.91; RPD = 3.35) but the predictability declined slightly using the 1st derivative 

method (R2 = 0.88; RPD = 2.89). The need for deriving 1st derivative reflectance was minimal 

for this experimental setup, since the illumination was kept constant at all times, and an average 
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of 100 spectral readings from two different positions were taken. The combined raw + 1st 

derivative method had slightly higher RPD in OMLOI (3.40), Cact (3.13), CEC (2.89), Cu (2.50), 

pH (2.05), PR45 (1.63), silt (1.95), P (1.58), and S (1.38). Nevertheless, improvements in 

prediction were generally small, and we conclude that the simple raw reflectance data are the 

most suitable for prediction. 

 

The RMSEP of OMLOI was relatively large (11.26 g kg-1) in our study compared to 2.90 g kg-1 by 

Bilgili et al. (2010) and 7.80 g kg-1 by Lamsal et al. (2009), which may be related to the large SD 

in our data. In this study, roughly 900 km2 of land was covered consisting of two distinctive 

parent materials. Past research has shown some difficulties in gaining satisfactory statistical 

predictions when including different parent materials (Reeves and van Kessel, 1999; Shepherd 

and Walsh, 2002). In order to alleviate site variability, the samples were divided according to 

their parent materials, however, this did not improve the RMSEP (data not shown). Shepherd and 

Walsh (2002) also hypothesized that high values in soil properties generally present higher 

RMSEP that may be caused by error in the laboratory analytical methods instead of poor 

prediction power.  

 

1.5.4. Independent Sample Model Validation 

The cross-validation method tends to provide overly-optimistic assessments of model 

performance (Dardanne et al., 2000). Therefore, independent sample sets were used for 

validation analyses. Model performances for each SQ indicator are shown in Table 1.4. When 

70 % of the total samples were used for calibration, the R2 values increased for OMLOI, Cact, 
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WSA, Mg, Cu, and S compared to the cross-validation models (validation set 1). However, the 

R2 values were lower compared to the cross-validation models in all of the indicator values when 

only 30 % of the total samples were used for calibration (validation set 2). Indicator 

predictability decreased when fewer samples were assigned to the model’s calibration because 

when the sample size is small  (<100), outliers can easily affect the model (Bishop and 

McBratney, 2001). The lower predictability in validation set 2, therefore could be the result of 

spectral or laboratory outliers, which would be less significant in validation set 1. For the latter, 

OMLOI, Cact, Θpwp, CEC, Cu, WSA, Ca, and clay were placed in category A. The threshold of 

RPD > 2 was maintained for all category A indicators and several additional indicators, 

including sand and Mg.  

 

1.5.5. Combined Use of VNIRS and Conventional SQ Analyses 

The predictabilities of soil chemical properties (pH, EC, P, K, Mg, Zn and S) as well as some 

soil physical properties (silt, WSA, AWC, Θfc, PR15 and PR45) were low using VNIRS alone 

and assigned in category B or C. Therefore, we evaluated the combined use of raw reflectance 

VNIRS with selected field or laboratory measured SQ indicator values. We tested two 

combinations of factors in PLSR models: 1) raw reflectance VNIRS combined with pH, EC, 

PR15, and PR45, and 2) and the same as 1) plus the soil chemical indicator values of CEC, P, K, 

Ca, Mg, Cu, Zn, and S. The RPD values were improved compared to VNIRS alone for Cact (3.61 

vs. 3.07), sand (2.56 vs. 2.50), WSA (2.25 vs. 2.15), Mg (2.21 vs. 1.90), silt (1.95 vs. 1.92), S 

(1.82 vs. 1.35), K (1.54 vs. 1.20), and Zn (1.31 vs. 1.13) when measuring pH, EC, PR15, and 

PR45 as auxiliary 
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Table 1.4 Statistical results of independent sample validation of VNIRS prediction of indicators with PLSR using raw reflectance. 

                            

 
Validation set 1 (ncal = 159, nval = 68) 

  
   

Validation set 2 (ncal = 68, nval = 159) 

  
  

  F R2 cal. RMSEPcal
a R2 val. RMSEPval

b RPD   F R2 cal. RMSEPcal R2 val. RMSEPval RPD 

Sand 14 0.84 6.33 0.79 6.03 2.22  10 0.57 8.75 0.75 7.94 1.99 

Silt 15 0.74 5.14 0.66 4.97 1.72  9 0.37 6.85 0.53 6.88 1.46 

Clay 8 0.86 3.67 0.80 3.79 2.26  6 0.77 4.15 0.83 4.01 2.42 

OMLOI 10 0.89 12.42 0.94 9.49 4.27  10 0.93 10.55 0.90 11.80 3.10 

Cact 10 0.89 94.09 0.90 90.69 3.24  10 0.90 93.78 0.87 99.28 2.82 

WSA 8 0.76 9.84 0.83 7.99 2.43  5 0.77 9.46 0.70 10.93 1.82 

Θfc 10 0.74 0.04 0.77 0.04 2.12  8 0.68 0.04 0.65 0.04 1.70 

Θpwp 14 0.88 0.02 0.89 0.02 3.02  8 0.79 0.02 0.79 0.02 2.19 

AWC n/a 0.55 0.03 0.19 0.04 0.95  n/a 0.21 0.04 0.53 0.03 1.41 

PR15 15 0.14 241.64 n/a 140.23 0.81  15 0.23 100.85 0.02 255.47 1.02 

PR45 17 0.56 465.98 0.51 395.13 1.43  14 0.62 352.09 0.41 538.05 1.31 

pH 16 0.70 0.32 0.66 0.34 1.73  3 0.42 0.45 0.41 0.45 1.30 

EC 10 0.44 0.03 0.40 0.04 1.30  16 0.34 0.04 0.26 0.04 1.16 

CEC 8 0.85 2.04 0.86 1.98 2.65  4 0.82 2.28 0.78 2.42 2.16 

P 18 0.56 18.70 0.54 23.28 1.48  4 0.19 31.40 0.05 27.36 1.03 

K 2 0.31 165.23 0.02 145.43 1.02  5 0.25 128.68 0.18 178.77 1.11 

Ca 10 0.85 421.22 0.82 442.81 2.39  4 0.76 525.88 0.71 585.85 1.85 

Mg 12 0.72 69.83 0.76 68.27 2.07  5 0.63 86.63 0.60 82.21 1.59 

Cu 10 0.82 0.69 0.85 0.48 2.64  10 0.80 0.57 0.82 0.68 2.35 

Zn 4 0.20 9.46 0.21 12.61 1.13  3 0.08 13.83 0.13 9.84 1.07 

S 10 0.34 2.43 0.55 1.84 1.50   11 0.66 1.61 0.23 2.60 1.14 

 
a RMSEPcal =Root mean square error of prediction by cross-validation 
b  RMSEPval

b= Root mean square error of prediction by validation using independent sample set  
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variables (Table 1.5). The addition of soil chemical indicator values that are measured in 

standard soil nutrient tests further increased the RPD value of WSA (2.29 vs. 2.25), Θfc (2.44 vs. 

2.09), and AWC (1.74 vs. 1.62). Improved predictabilities are in part due to either significant 

positive or negative Pearson correlations between the improved SQ indicators and the combined 

predictor variables (Table 1.2). The incorporation of the direct measurements of pH, EC, PR15 

and PR45 is practical since they are not well predicted by VNIRS and also can be measured 

rapidly, at low cost, and even in the field. The increase in predictability moved Mg from 

category B to A and S and K from category C to B. Although the incorporation of soil chemical 

indicators is favorable, the access to well-established laboratories is limited for smallholder 

farmers in sub-Saharan Africa. But if traditional chemical soil testing is available, its combined 

use with VNIRS allows for effective expansion of the suite of predictable SQ indicators for 

physical and biological processes. 

 

1.5.6. Categorical Analysis 

For the purpose of diagnosing SQ constraints or landscape-wide SQ status, standardized SQ 

classes are perhaps more practical than numerical results of quantitative soil property values. 

Each of the measured SQ indicator values were scored and classified into three soil quality 

classes (optimum, intermediate and constrained; Moebius-Clune, 2010) using 1) existing SQ 

analysis methods, 2) raw reflectance VNIRS-PLSR models, and 3) best prediction models 

including different spectral pre-processing methods (raw, first and raw +first) and combined use 

of VNIRS and measured SQ indicator values (Table 1.6).  The agreement of the predicted classes 

by methods 2) and 3) were compared to method 1) using kappa statistics. A commonly used
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Table 1.5 Statistical results of cross-validation of the combined uses of VNIRS and pH, EC, PR15, PR45, and chemical 
indicators as predictors with PLSR. 
            

  

  

VNIRS + pH, EC, PR15, 

PR45 

      

  

VNIRS+pH,EC,PR15,PR45, 

nutrient contents     

  

 

  F R2 RMSEP RPD   F R2 RMSEP RPD   

Sand 18 0.85 5.91 2.56  20 0.82 6.44 2.35  

Silt 18 0.74 4.95 1.95  20 0.70 5.30 1.82  

Clay 9 0.84 3.73 2.51  18 0.87 3.43 2.73  

OMLOI 12 0.91 11.58 3.26  8 0.81 16.65 2.26  

Cact 14 0.92 78.60 3.61  8 0.85 108.96 2.60  

WSA 12 0.80 8.78 2.25  18 0.81 8.64 2.29  

Θfc 14 0.77 0.03 2.09  18 0.83 0.03 2.44  

Θpwp 17 0.88 0.02 2.92  13 0.87 0.02 2.78  

AWC n/a 0.62 0.03 1.61  n/a 0.67 0.02 1.74  

PR15 n/a n/a n/a n/a  n/a n/a n/a n/a  

PR45 n/a n/a n/a n/a  n/a n/a n/a n/a  

pH n/a n/a n/a n/a  n/a n/a n/a n/a  

EC n/a n/a n/a n/a  n/a n/a n/a n/a  

CEC 9 0.83 2.15 2.43  n/a n/a n/a n/a  

P 15 0.58 19.76 1.53  n/a n/a n/a n/a  

K 10 0.58 119.32 1.54  n/a n/a n/a n/a  

Ca 8 0.89 356.03 3.02  n/a n/a n/a n/a  

Mg 8 0.80 60.39 2.21  n/a n/a n/a n/a  

Cu 11 0.84 0.61 2.46  n/a n/a n/a n/a  

Zn 8 0.41 9.01 1.31  n/a n/a n/a n/a  

S 14 0.70 1.59 1.82  n/a n/a n/a n/a  
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scale for categorizing kappa (Table 1.7; Viera and Garrett, 2005) was used as a guideline. Soil 

texture played a role in selecting the appropriate scoring function for most SQ indicators. 

Therefore, the agreement for clay content between the two methods (laboratory analytical 

method vs. raw reflectance VNIRS) was first assessed. The two classes of clay contents (< 15% 

and > 15%) were assessed for kappa statistics (Table 1.8), and showed substantial agreement 

between the two methods. Using VNIRS-predicted values and clay content classes, OMLOI and 

Cact were in substantial agreement (κ > 0.61); pH and EC in moderate agreement (κ > 0.41); 

WSA, AWC, P, and CSQI in fair agreement (κ > 0.21), K and PR45 in slight agreement (κ > 

0.01), and PR15 is in less than chance agreement (κ < 0; Table 1.8). The best-combined 

prediction models improved the agreement on Cact, OMLOI, AWC, and CSQI, while PR15, PR45, 

pH, EC, P and K results were obtained from traditional methods. In particular, Cact, AWC, and 

CSQI showed meaningful improvements compared to raw reflectance VNIRS-only (Table 1.8). 

Nevertheless, the feasibility of using some of the best-combined models is dependent on the 

availability of analytical resources. Lal (2006) suggests that the loss of soil organic matter is 

strongly linked to yield loss, especially in Africa, and is possibly the most important SQ 

constraint. In our study, Cact, which is a fraction of soil organic matter, was an important 

predictor of grain yield, explaining 16 and 13% of the variability in 2005 and 2007, respectively 

(Moebius-Clune, 2010). Cact represents soil biological activity that releases organic-matter- 

derived nutrients, which is especially valuable in smallholder systems with limited access to 

chemical fertilizers (Sanchez, 2002), and was accurately assessed using the combined method of 

raw reflectance VNIRS + pH, EC, PR15 and PR45. The identification of Cact using the above 

combined method and OMLOI by raw reflectance VNIRS therefore facilitates low cost and rapid 
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Table 1.6 Statistical results of cross-validation of each SQ indicator predicted by the best prediction model 
  

 
          

 
F R2 RMSEP RPD 

Predictor Variables 

  

          VNIRS Measured variables 

Sand 18 0.85 5.91 2.56 Raw pH,EC,PR15,PR45 

Silt 15 0.74 4.95 1.95 Raw + first none 

Clay 10 0.87 3.35 2.80 Raw none 

OMLOI 10 0.91 11.08 3.40 Raw + first none 

Cact 14 0.92 78.6 3.61 Raw pH,EC,PR15,PR45 

WSA 18 0.81 8.64 2.29 Raw pH,EC,PR15,PR45, nutrient contents 

Θfc 18 0.83 0.03 2.44 Raw pH,EC,PR15,PR45, nutrient contents  

Θpwp 14 0.89 0.02 2.98 Raw none  

AWC n/a 0.67 0.02 1.74 Raw pH,EC,PR15,PR45, nutrient contents 

PR15 8 0.15 210.53 1.08 Raw none 

PR45 17 0.62 410.27 1.63 Raw + first none 

pH 19 0.77 0.29 2.05 Raw + first none 

EC 10 0.44 0.03 1.34 Raw none 

CEC 10 0.88 1.81 2.89 Raw + first none 

P 18 0.60 19.19 1.58 Raw + first none  

K 10 0.58 119.32 1.54 Raw pH,EC,PR15,PR45 

Ca 15 0.91 328.57 3.27 Raw none 

Mg 8 0.82 56.14 2.38 Raw pH,EC,PR15,PR45 

Cu 10 0.84 0.6 2.50 Raw + first none 

Zn 8 0.41 9.01 1.31 Raw pH,EC,PR15,PR45 

S 14 0.70 1.59 1.82 Raw pH,EC,PR15,PR45 

n = 227 
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Table 1.7 Interpretation of kappa statistics (Viera and Garrett, 2005). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

     
κ   Level of Agreement 

< 0  Less than chance agreement 

0.01-0.20  Slight agreement 

0.21-0.40  Fair agreement 

0.41-0.60  Moderate agreement 

0.61-0.80  Substantial agreement 

0.81-0.99   Almost perfect agreement 
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Table. 1.8 Kappa statistics for determination of textural category and soil quality category by raw reflectance VNIRS-PLSR or 
best prediction model 
                      

 

Raw reflectance 

VNIRS 

      

 

Best method 

        

  Poa Pcb κ Interpretation   Poa Pcb   κ Interpretation   Method 

Clay 0.89 0.51 0.78 Substantial agreement 

 

0.89 0.51 0.78 Substantial agreement Raw  

OMLOI 0.84 0.34 0.76 Substantial agreement 

 

0.85 0.34 0.77 Substantial agreement Raw + first 

Cact 0.81 0.35 0.70 Substantial agreement 

 

0.87 0.36 0.79 Substantial agreement Raw + pH,EC,PR15,PR45 

WSA 0.50 0.36 0.21 Fair agreement 

 

0.50 0.37 0.21 Fair agreement Raw + pH,EC,PR15,PR45 

AWC 0.59 0.36 0.36 Fair agreement 

 

0.65 0.37 0.45 Moderate agreement Raw + pH,EC,PR15,PR45, nutrient contents 

PR15 0.98 0.98 0.00 Less than chance agreement 

 

n/a n/a n/a n/a Measured 

PR45 0.30 0.28 0.03 Slight agreement 

 

n/a n/a n/a n/a Measured 

pH 0.75 0.39 0.60 Moderate agreement 

 

n/a n/a n/a n/a Measured 

EC 0.86 0.76 0.42 Moderate agreement 

 

n/a n/a n/a n/a Measured 

P 0.65 0.41 0.40 Fair agreement 

 

n/a n/a n/a n/a Measured 

K 0.88 0.87 0.08 Slight agreement 

 

n/a n/a n/a n/a Measured 

CSQI 0.54 0.26 0.38 Fair agreement   0.71 0.26 0.61 Substantial agreement n/a 

           a Po = percentage observed agreement (%)  

b Pc = agreement by chance (%)   
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landscape wide assessments that can also account for high spatial variability by increasing the 

number of analyzed samples. 

 

1.6. CONCLUSION 

VNIRS-PLSR can successfully predict many SQ indicators for smallholder agricultural soils in 

Western Kenya across different parent materials within one soil order. In particular, several 

primary properties and correlated secondary properties showed substantial predictability (R2 > 

0.80; RPD > 2) including Ca, OMLOI, Cact, Θpwp, CEC, clay, sand, and Cu, which were validated 

by both cross-validation of the leave-ten-out method and independent sample model validation. 

Of the spectral preprocessing methods that were compared, raw reflectance had the highest 

efficiency in our study. However, it is important to note that the accuracy of PLSR with raw 

reflectance spectra is primarily associated with reflectance measurements in controlled 

environments with constant illumination. The predictability for several SQ indicators were 

further improved by combining VNIRS with several field and laboratory measurements. As a 

result, using the best-combined prediction models, Cact, OMLOI, Θpwp, Ca, CEC, clay, sand, Θfc, 

Cu, Mg, and WSA were predicted with sufficient accuracy.  

 

The results from categorical analysis suggest that VNIRS could be substituted for selected 

laboratory analyses for assessing soil physical and biological quality constraints apart from soil 

compaction. The combined method of raw reflectance VNIRS and field measured SQ indicator 

values further improved accuracy, especially for Cact. The combined use of VNIRS and 

conventional laboratory analysis provides a comprehensive assessment of SQ indicators that 
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relate to key physical, biological, and chemical processes in soils. We conclude that these rapid 

and low cost methods have potential for use in identifying SQ constraints and associated yield 

limiting factors, may inform appropriate site-specific soil management practices, and could be 

used for SQ monitoring efforts. 
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CHAPTER 2. COMPARISON OF SPECTROSCOPY, LANDSCAPE MODELING AND 

GEOSTATISTICS FOR SOIL ORGANIC CARBON ASSESSMENT IN A COFFEE 

AGROFORESTRY SYSTEM 

 

2.1.ABSTRACT 

 

Field-scale quantification of soil organic carbon (SOC) stocks generally requires large sample 

numbers in order to account for high spatial variability. The objective of this study was to 

evaluate the use of various techniques, including visible and near-infrared reflectance 

spectroscopy (VNIRS; 350-to-2500 nm; 1 nm resolution), landscape attributes, remote sensing, 

and geostatistics for SOC assessment in a tropical coffee agroforestry system within a micro-

watershed in Costa Rica. VNIRS was employed on 478 air-dried samples of Andisols and 72 

reference samples were additionally analyzed by conventional dry combustion. A partial least 

squares regression model using raw reflectance spectra successfully predicted SOC contents with 

R2 of 0.82, RMSEP of 11.70 g kg-1, and the ratio of performance to deviation (RPD) of 2.36 with 

the cross-validation and mean R2 of 0.75, RMSEP of 12.87 g kg-1, and RPD of 2.10 with multiple 

jackknifing. Pearson correlations between measured and VNIRS-PLSR predicted SOC contents, 

terrain attributes derived from a digital elevation model (DEM), and remote sensing-derived leaf 

area index were also assessed. A multiple linear regression (MLR) model with elevation and plan 

curvature explained only 14.8 % of the variability with an RMSEP of 27.10 g kg-1. The 

stratification of the watershed into soil-landscape units (SLU) was necessary. Pearson 

correlations were only significant in three of six SLUs and were not sufficient for the use of 
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MLR models to whole watershed SOC stock assessment. The spatial structure of SOC was 

assessed with auto- and cross-variograms using the combinations of measured SOC, VNIRS-

PLSR predicted SOC, and landscape attributes where the nugget:sill ratio showed moderate 

spatial structure. However, ordinary kriging and cokriging showed poor predictability of the 

SOC contents with only 0.20 < R2 < 0.28 and 23.16 g kg-1 < RMSEP < 24.62 g kg-1 due to 

localized variability. In conclusion, VNIRS has the greatest potential for estimating SOC stocks 

in Andisols of a tropical coffee agroforestry system, and soil-landscape modeling and 

geostatistics were of limited benefits due to spatially complex variability structures. 

 

2.2. Keywords 

Soil organic carbon; VNIR spectroscopy; PLSR; soil reflectance; agroforestry; watershed; soil-

landscape modeling; kriging 

 

2.3. Introduction 

Coffee is an important agricultural commodity (Pendergrast, 2009), of which more than a third is 

produced in Latin America (Varangis et al., 2003). In Central America, substantial areas for 

coffee production are grown together with leguminous trees such as Erythrina spp, Inga spp, or 

Gliricidia sepium (Beer et al., 1998), originally as a way to reduce unfavorable climatic 

conditions and to improve the size and the quality of coffee beans (Muschler, 2001). This 

complex mixture also results in 1) increased organic residues, 2) reduced soil erosion, 

compaction, and runoff, and 3) a buffered microclimate (Fournier, 1988; Beer et al., 1998; Vaast 
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et al., 2007) that overall lead to both higher accumulation and more complex distribution of soil 

organic carbon (SOC) compared to monoculture systems (Payán et al., 2009).  

 

SOC is a fundamental property for optimizing soil physical, chemical and biological quality 

(Magdoff and van Es, 2009) and is an important component of the global carbon cycle. 

Beneficial effects of agroforestry systems on minimizing the loss of SOC should be monitored 

and valued accurately, and therefore, a low cost, rapid, and reliable method to estimate the 

spatial distribution of SOC is required at a farm scale. Furthermore, this can contribute to a better 

understanding of carbon cycles within ecosystems and establishing the incentives for including 

soil carbon within carbon credit frameworks.  

 

High spatial variability and non-linear temporal dynamics (Soussana et al., 2004) of SOC can 

partly be the result of land-use history, pedogenesis, differences in soil physical properties and 

ecosystem functions (Herrick and Whitford, 1995) that relate to complex topography, vegetation 

and agricultural management. The assessment therefore requires the analysis of large sample 

numbers, which is generally costly.  

 

Visible and near-infrared reflectance spectroscopy (VNIRS) is an alternative to conventional 

analytical methods for assessing SOC and other soil properties in the context of precision 

agriculture (Viscarra Rossel and McBratney, 1998a; Thomasson et al., 2001; Bilgili et al., 2011), 

soil C monitoring (Post et al., 2001; Brunet et al., 2007), quantitative soil-landscape modeling 

(McKenzie et al., 2000), and digital soil mapping (Lamsal, 2009). VNIRS detects reflectance 
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characteristics caused by spectral overtones due to stretching and bending vibrations in 

molecular bonds such as C-C, C-H, N-H and O-H (Dalal and Henry, 1986), the size and shape of 

soil particles, the voids between soil particles, and the arrangement of soil particles (Reeves et 

al., 2011: in review). VNIRS employs a monochromator or sometimes Fourier reflectance 

spectra that can be interpreted using multivariate statistical or data mining techniques that relate 

spectra to directly-measured soil characteristics (Viscarra Rossel et al., 2006; Reeves et al., 2011: 

in review). The resulting prediction models can be used to assess soil properties of unknown 

samples.  

Different statistical data processing methods may provide variable predictive outcomes. Some 

researchers used the first derivatives of soil reflectance spectra (Chang et al., 2001; Reeves et al., 

2002; Shepherd and Walsh, 2002; Russell, 2003; Morón and Cozzolino, 2004; Couteaux et al., 

2005), while others used raw spectra (Reeves et al., 2006; Bilgili et al., 2010), or second 

derivatives (Salgó et al., 1998; Fystro, 2002). Although Chang et al. (2001) argued that no 

universally perfect calibration methods exist, partial least squares regression (PLSR) is emerging 

as a successful method that has similar or better predictability than other methods (Viscarra 

Rossel et al., 2006; Bilgili et al., 2010). Using the PLSR model, Vasques et al. (2009) have 

successfully estimated SOC contents with R2 > 0.86 using the visible and near infrared spectral 

range (350-2500 nm). Similar or better results such as R2 > 0.88 were found by McCarty and 

Reeves (2006), and R2 > 0.84 by Reeves et al. (2002) for SOC as well as R2 > 0.93 by Kinoshita 

et al. for SOM (2011, in review).  
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Traditionally spatial estimation of SOC has been conducted by point measurements that are 

averaged and considered as representative of the site without accounting for significant local soil 

carbon variability (Eswaran et al., 1995). This type of extrapolation is known as the “measure 

and multiply” approach (Schimel and Potter, 1995). As an alternative, non-spatial extrapolation 

with quantitative soil-landscape models or spatial interpolation techniques are adopted for soil 

carbon estimation, often referred to as the “paint by numbers” (Schimel and Potter, 1995) 

approach. Soil-landscape modeling utilizes various environmental factors such as topography, 

hydrology, or geology that are related to soil carbon contents, and these relationships are used to 

upscale the point estimations of soil carbon to larger areas (Thompson and Kolka, 2005). A 

range of studies have demonstrated soil-landscape modeling in different locations (Moore et al., 

1993; Chaplot et al., 2001; Florinsky et al., 2002; Terra et al., 2004; Thompson and Kolka, 2005) 

which resulted in explaining 20 to 88% of soil carbon variability using one to five terrain 

attributes. Thompson and Kolka (2005) stratified the watershed into different slope aspects based 

on the assumption of the presence of variable soil temperature and soil moisture contents, which 

gained model validation r2 values of 0.020 to 0.802.  

 

The use of VNIRS-derived data as an input for modeling spatial distribution of SOM also has not 

been widely studied to date (Lamsal, 2009) and none have been done in agroforestry systems. 

Spatial interpolation methods such as cokriging (COK; Ersahin, 2003) and regression kriging 

(RK; Hengl et al., 2004; Bilgili et al., 2011) can additionally be used with VNIRS data as 

covariates to estimate SOC for unsampled points. Kravchenko and Robertsen (2007) showed 

modest improvements in estimating soil C using a combined method of regression kriging and 
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topographical or yield information in a relatively flat arable field. Takata et al., (2007) showed a 

prediction error of 5.57 (Mg C ha-1) in kriging soil carbon concentration using a combination of 

vegetation data acquired from MODIS satellite images as well as topographic data in agricultural 

fields. Bilgili et al. (2011) further explored the possibility of combining COK or RK with VNIRS 

to predict various soil properties on a 32 ha field, and gained higher accuracy in estimating SOM 

compared to ordinary kriging (OK). �

 

Leaf Area Index (LAI) denotes the leaf area per soil area (Gower et al., 1999) and is a key 

indicator of plant physiological activity related to the carbon cycle through processes such as 

photosynthesis and net primary production.  Normalized Difference Vegetation Index (NDVI) 

reflects LAI, thus the local productivity and, potentially, the litter inputs to the soil. In addition, 

LAI can indicate the canopy contribution to rainfall interception and litter production, which 

both contribute to soil carbon levels. Agroforestry creates heterogeneity inside the plots, for LAI 

but also for root distribution, both factors are assumed to influence the SOC distribution. 

The combined use of geostatistics, VNIRS, landscape attributes, and remotely sensed NDVI is an 

attractive method for determining the spatial distribution of SOC in agroforestry systems because 

VNIRS allows for inexpensive analysis of many samples from a large area while geostatistics 

utilizes information on local variability and spatial dependence.    

The objectives of this study were to 1) develop a VNIRS-PLSR model to estimate soil organic 

carbon (SOC) contents of a tropical Andisols within a 0.9 km2 agroforestry watershed in Costa 

Rica, 2) analyze correlations between SOC, LAI, root distribution and landscape attributes for 

multiple linear regression (MLR) analysis, 3) analyze the spatial structure of SOC in the 
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watershed, and 4) assess the feasibility of combining VNIRS derived data and correlated 

secondary variables in geostatistics to estimate SOC.  

 

2.4. Materials and methods 

2.4.1. Location, climate and soil 

The research site is located in the Central-Caribbean area of Costa Rica. It is a part of the 

Reventazón river basin on the slope of the Turrialba volcano, which eventually drains into the 

Caribbean Sea (Fig. 2.1). The research site is part of the Aquiares Coffee Farm (6.6 km2), which 

is “Rainforest AllianceTM” certified and it is a watershed of Mejias creek situated between −83◦ 

44′ 39′′ and −83◦ 43′ 35′′ W, and between 9◦ 56′ 8′′ and 9◦ 56′ 35′′ N. The watershed has an area 

of 0.9 km2 with an elevation ranging from 1020 to 1280 m a.s.l. and a mean slope of 11.31°.  

The climate is tropical humid with no dry season (Peel et al., 2007) and experiences strong 

influence from the Caribbean Sea. Between 1973-2009, the mean annual precipitation was 3014 

mm in Aquiares. Gómez-Delgado et al. (2011) reported mean monthly net radiation between 5.7 

and 13.0 MJ m-2 d-1, air temperature between 17.0 and 20.8 °C, relative humidity between 83 and 

91 % and windspeed at 2 m high from 0.4 to 1.6 m s-1 at the research site in 2009.    

Mora-Chinchilla (2000) described the geological characteristics of the basin as volcanic 

avalanche deposits that originated in the collapse of the southeastern slope of the Turrialba 

volcano. The soils are classified as Andisols (USDA Soil Taxonomy) and are characterized by 

high organic matter contents, very high infiltration capacities, and biological activities. The 

superficial runoff on plots is very low even on slopes, and the sediment production by the whole 
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watershed is very low, around 1 t ha-1 yr-1 (Gómez-Delgado, 2010). There is some presence of 

lava flows, agglomerates, lahars and ashes that are typical for volcanic regions. 

The vegetation is a mixture of homogeneously planted coffee trees (Coffea arabica L., var 

Caturra) on bare soils that are shaded by widely spaced Erythrina poeppigiana trees. The coffee 

trees have grown to a 2.5 m canopy height, with average LAI≈3 and 20 % canopy openness from 

the initial density of 6300 plants ha-1 after 30 years from the initial planting. Every March, 20 % 

of the coffee trees are intensively and selectively pruned, and cut materials are removed from the 

site. The Erythrina trees have 20 m high canopies and that cover 12.3 % of the surface area at a 

density of 12.8 trees ha-1.  

 

2.4.2. Soil sampling  

Soil samples were collected from the top 0-to-5 cm of the soil profile using a regular push-tube 

auger after the removal of the litter layer. The sampling depth was selected from our interest in 

soil C accumulation with variable overground vegetation densities, as Payán et al. (2009) found 

that the effects of shade trees on soil C was limited to top 0-to-5 cm when comparing the 

distance-to-trunk of 0 and 2 m.  

Grid sampling was used after dividing the watershed into 23 sub-compartments based on 

MODIS satellite images of 230 m per pixel. Twelve transects were made in the E-W and six in 

the N-S direction within the MODIS grid with a sampling interval of 80 m and 40 m, 

respectively (Fig. 2.2). Higher sampling densities for the N-S transects were used to account for 
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Fig. 2.1 a) Location of Reventazón river basin in Costa Rica, Central America. b) Position of experimental basin within 
Reventazón river basin. c) The “Coffee-Flux” experimental basin in Aquiares farm and its experimental setup. (Gómez-
Delgado et al., 2011) 

 
 

 

 

 



 43 

Fig. 2.2 MODIS grid and sampling points. The numbered points representing the reference set. 
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higher variability in topography. Five samples per MODIS grid (76 total) were denoted as the 

“reference set” that was later used for both conventional SOC analysis by dry combustion and 

VNIRS analysis (Fig. 2.2). The remaining 449 sample “prediction set” was collected only for 

VNIRS analysis after omitting some sampling points due to inaccessibility by watercourses, 

roads and dense vegetation along the rivers. At each sampling point, eight and four cores were 

taken for the reference set and prediction set for SOC, separated by a distance of about 2 m, 

which were thoroughly mixed in a plastic bag to obtain a representative sample. The collected 

soil samples were air-dried at 40°C for 72 hours and ground using mortar and pestle to pass 

through a 2 mm sieve. Visible roots were removed to avoid effects on the reflectance spectra.  

 

2.4.3. Geomorphological characterization 

Geomorphological properties of the study site were derived from a digital elevation model 

(DEM) created using the 5 m horizontal resolution and 10 m vertical resolution digital terrain 

model obtained from the TERRA-1998 project  (scale ≈ 1: 25000; CENIGA, 1988). The 

geomorphological properties of elevation, slope, aspect, profile curvature, plan curvature, and 

specific catchment area (SCA) were derived using GRASS 6.4.1RC2 (GRASS Development 

Team, 2011). The compound topographic index (CTI) was also computed, which is the natural 

logarithm of the SCA to the local slope angle (tan β; in degrees) in each cell (Beven, 1997):  

 

CTI = ln (SCA / tan β)    [1] 
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The CTI is also referred to as the steady state wetness index (Moore et al., 1991). SOC contents 

are influenced by higher soil water contents, lower heterotrophic decomposition, and the 

reduction of drought stress (Tate and Ross, 1997). 

The topographic position index (TPI) was determined using the ArcGIS 9.3 (ESRI, Redlands, 

California) Topography Tools (Dilts, 2010), and was calculated as the difference between the 

cell elevation and the average elevation of the neighborhood cells (9 × 9 cells; Jenness, 2006). A 

positive TPI indicates that a cell has a higher elevation compared to surrounding cells. The 

combination of TPI and local slope can be used to categorize each cell into soil landscape units 

(SLU), which are valley, toeslope, footslope, backslope, shoulder, and upperslope. The SLU 

represents the distribution of soils over the landscape. Jian-Bing et al. (2006) showed statistically 

significant differences in SOC concentrations in different slope positions, where toeslope had the 

highest concentration followed by footslope, backslope and shoulder. 

 

2.4.4. Leaf Area Index analysis 

LAI was collected and presented by Taugourdeau et al. (2010), where detailed methods are 

described. Briefly, a satellite image acquired in March 2010 from Worldview2 (DigitalGlobe, 

2009), with 2m resolution multispectral and 0.5 m resolution panchromatic images was utilized. 

Normalized Difference Vegetation Index (NDVI) was obtained as an index to measure 

vegetation cover. It is based on the fact that healthier vegetation reflects more near infrared 

radiation (ρNIR) and less red radiation (ρRED): 

 

NDVI = (ρNIR-ρRED)/(ρNIR+ρRED)    [2] 
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Although the correlation between NDVI and LAI exists (Rouse et al., 1973), a specific 

calibration is necessary depending on the type of vegetation, the obtained image and the soil 

types (le Maire et al., 2006). Therefore, the effective LAI (LAIeff) was measured using an LAI 

2000 (LI-COR Environmental, Lincoln, NE) to help the calibration process, which was further 

corrected with actual LAI measured by collecting leaves of coffee trees (LAITRUE). The final LAI 

of the high-resolution satellite image (LAIHR) was obtained as: 

 

  

 

where a and b are parameters developed from the field measured LAI data.  

 

2.4.5. Laboratory analyses 

SOC as well as soil nitrogen were analyzed at USDA-ARS laboratory (Beltsville, MD) using a 

LECO TruSpec CN analyzer (LECO, St Joseph, Michigan). The dried and ground samples (0.6 

g) were roller milled 24 hours prior to analysis, and two replicates were analyzed to observe 

instrumental errors and were generally less than ± 0.5 %. Soil texture was assessed at the Cornell 

Soil Health Testing Laboratory (Ithaca, NY) using a rapid quantitative method developed by 

Kettler et al., (2001). The soil sample was dispersed with 3% hexametaphosphate ((NaPO3)n) 

and a combination of sieving and sedimentation steps was used to separate size fractions. The 
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sand content of the soil samples with SOC > 5 % were overestimated due to the presence of 

agglomerate and they were excluded for further analyses.  

 

2.4.6. Visible near infrared spectroscopy (VNIRS) 

The reflectance of soil samples was determined in both the visible and near infrared spectral 

regions between 350 nm and 2500 nm at 1 nm resolution using a Fieldspec Pro hyperspectral 

sensor (Analytical Spectral Devices, INC., Boulder, CO). Air-dried samples were placed in a 4 

cm diameter optical quality petri dish, and spectral reflectance was collected through the glass 

bottom at a constant angle (55 degrees from horizontal) from a distance of 4 cm, in an enclosed 

box. A tungsten quartz halogen lamp was used as a light source (Muglight sensor attachment; 

Analytical Spectral Devices, INC., Boulder, CO), and the reflectance was measured using a fiber 

optic cable. After 50 readings, the sample petri dish was rotated 90 degrees and another 50 

readings were taken, which were averaged to produce two spectra per sample. The signal was 

optimized before the measurement and the accuracy of the detector was checked every 8 samples 

using a white Spectralon standard. When the white Spectralon reading was not stable, the 

instrument was recalibrated.  

 

2.4.7. Spectral preprocessing  

Reflectance data were exported from binary to an ASCII file using ViewSpec Pro software 

(Analytical Spectral Devices, INC., Boulder, CO). The two spectral readings per sample 

obtained during measurement were averaged using Unscrambler 10.0.1 (CAMO software, Oslo, 
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Norway, 2010). Derivative values were used to overcome baseline noise and to amplify spectral 

signals (Reeves et al., 2002).  First derivatives were calculated using the Savitsky-Golay 

transformation (Savitzky and Golay, 1964), which performs a second order polynomial 

regression using 4 points to the left and one point to the right side of each point for smoothing. 

This transformation method is suitable for VNIRS applications since it removes noise caused by 

ambient illumination differences from the data while retaining original spectral characteristics 

with minimum distortion (Ruffin and King, 1999).  

 

2.4.8. VNIRS modeling 

The VNIRS analysis utilizes empirical models based on correlations between soil reflectance and 

soil property values. Calibration models for predicting SOC values were constructed utilizing the 

partial least squares regression (PLSR) method (Bilgili et al., 2010; Kusumo et al., 2010; Hively 

et al., 2011). It relates two variables, X (spectral readings) and Y (measured soil property 

values), by a linear multivariate model. Orthogonal and weighted linear combinations of the 

spectral readings are used for predicting each Y variable. PLSR is suited to handle data with 

strong collinearity in the (X) variables, which are usually more numerous than the observations 

(Y) that they predict. The selection of the number of factors (F) to include was critical to avoid 

over-fitting or under-fitting of the model to the data. Over-fitting of calibration models reduces 

their ability to predict soil properties of new unknown soil samples. In this study the smallest 

number of F that produces sufficiently small root mean square error of prediction (RMSEP) was 

selected by analyzing the total residual variance plot. Also, the maximum F was restricted to 20.  

The validity of the VNIRS-PLSR method was determined by two general procedures, cross 
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validation and independent calibration-validation. For cross validation using the leave-one-out 

method (Kooistra et al., 2001; Reeves et al., 2002; McCarty and Reeves, 2006), both the raw and 

the first derivative data of the reference sample spectra (n=76) were used. Spectral outliers were 

identified with Hotelling T2 values, equivalent to the squared Mahalanobis distance H 

(McLachlan, 1992), which determines the distance of a spectrum from the average spectrum 

(Peltre et al., 2011). Any samples with Hotelling T2 exceeding the critical limit at the p value of 

0.05 were removed from the set and the cross validation was repeated. 

Since our reference sample set was relatively small after the removal of four spectral outliers (n 

= 72), further analysis was required to validate the feasibility of the VNIRS-PLSR method. The 

reference sample set was randomly divided into two subsets containing 70 and 30 percent of the 

samples (n = 50 and n = 22) and the former sample set (n =50) was used as a calibration subset to 

predict the soil properties of the latter subset (n = 22). The random selection of the calibration 

and validation set was repeated six times to overcome the influence of outliers and clustering 

effects in the sample set. This method is known as a multiple jackknifing procedure, which 

allows an independent assessment of the prediction quality or uncertainty in a small data set 

(Bishop and McBratney, 2001).  

Following the validation of the VNIRS-PLSR method, soil properties of the prediction set (n = 

449) were analyzed using the cross validated model. Spectral outliers in the prediction set were 

identified in a similar manner to the cross validation method utilizing Hotelling T2 values (p-

value < 0.05). 
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2.4.9. Multiple Linear Regression  

Simple exploratory data analysis was undertaken to distinguish important landscape attributes 

(geomorphological and LAI) governing SOC distribution in the micro-watershed of Aquiares. 

Pearson correlation coefficients were calculated between the variables for both the reference set 

(n = 72) and the combination of the reference set and the prediction set (n = 478) to elucidate 

significant correlations. Selected landscape attributes in each of the sample set were utilized to 

build multiple linear regression models and validated with the cross-validation with the leave-

one-out method. Model assumptions of lack of multicollinearity, equal error variance, and 

normal and random residuals were assessed.   

 

2.4.10. Geostatistical analyses 

Ordinary kriging (OK) was employed to analyze SOC contents at unvisited locations within the 

study site. First, the reference set (n = 72) after the removal of spectral outliers was used to build 

a variogram that represents spatial correlation and covariance structure between data points 

(Burgess and Webster, 1980).  

 

 

 

where  is the semivariance between two sampling points,  and , that are 

separated by a distance h, and m(h) is the number of pairs at h. Anisotropy was examined for the 

watershed due to the complex topography. Exponential and spherical models were fitted to both 
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isotropic and anisotropic variograms. Anisotropic surfaces were used to find the principal axis 

for determining the anisotropic variogram model (Isaaks and Srivastava, 1989). The nugget:sill 

ratio was utilized as an indicator of spatial dependence of SOC as well as selecting the most 

suitable model for the study site. OK was then applied as the geostatistical method for 

interpolation of SOC. The prediction is based on the weighting of the distances from neighboring 

samples to the target, which is governed by the computed variogram and calculated by: 

 

 

 

where Z*
OK(x0) is the OK estimate at an unsampled location (x0), n is the number of samples in 

the search neighborhood, and wi is the weight assigned to the ith observation z(xi). Weights are 

assigned to each sample to minimize kriging variance, E[Z*(x0) – Z(x0)], and also to gain 

unbiased estimation (Webster and Oliver, 2007). 

 

The prediction accuracy of the models was assessed by the coefficient of determination (R2) and 

root mean square error of prediction (RMSEP) using cross validation of the leave-one-out 

method.  
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2.4.11. Cokriging 

Cokriging (COK) incorporates one or more secondary variables, or covariables (Z2), which are 

spatially correlated with laboratory measured SOC. The equation for COK is given by (Journel 

and Huijbregts, 1978; Matheron, 1978): 

 

 

 

where  is the COK estimate at an unsampled location (x0), wi and wj are  

COK weights associated with the primary variable z1(xi) and the secondary variable  

z2(xj) at ith and jth locations, respectively, which are based on the cross-variogram: 

 

 

 

Cross-variograms were fitted using the linear model of coregionalization (LMC), which ensures 

that the two auto-variograms for the primary variables and one cross-variogram for the 

covariable have the same range and spatial structure (e.g. spherical or exponential function). The 

LMC ensures that the co-kriging system is positive-definite (i.e. all possible combinations of 

random variables have a positive variance), which is a prerequisite for COK (Goovaerts 1997).  
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In this study, the primary variables (Z;Z1) were the laboratory measurements of the reference set 

(n = 72) and the covariables (Z2) were the estimates from VNIRS-PLSR of the prediction set (n = 

406).  

 

2.4.12. Prediction accuracy 

The accuracy of each PLSR model for SOC prediction, multiple linear regression, OK, and COK 

were evaluated using the coefficient of determination (R2) of measured and model-predicted 

values. Root mean square error of prediction (RMSEP), a measure of precision calculated as the 

differences between model predicted values and observed values, was determined as in: 

                [8] 

The ratio of performance to deviation (RPD) was also calculated for determining the accuracy of 

VNIRS-PLSR models, which represents the ratio of standard deviation to standard error of 

prediction in each sample. It is a measure of the ability of a VNIRS-based model to predict SOC 

(Williams and Sobering, 1993). 

 

2.5. Results and discussions 

2.5.1. Soil properties 

Soil texture was assessed by a rapid quantitative method and the research site was categorized in 

either loam or sandy loam textural classes. Summary statistics of SOC and soil N in 72 reference 

samples after the removal of four spectral outliers are shown on Table 2.1. The spatial variability 
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of SOC concentration was high, ranging from 45.0 g kg-1 to 154 g kg-1 across the watershed. 

Conant et al. (2003) measured coefficient of variation (CV) values of SOC within a microplot of 

2 m × 5 m of 10 to 15 % in a cultivated agricultural site and 60 to 126 % in a forest site in 

Tennessee and Washington, compared to 32 % in our study. The shallow sampling depth of 0-to-

5 cm may be related to high spatial variability in soil C contents (Conant et al., 2003) due to the 

influences from above vegetation (Payán et al., 2009), microclimate and soil physical properties 

(Saetre, 1999). 

An average SOC of 87.0 g kg-1 is high, although Chesworth (2008) noted that Andisols 

commonly have soil C contents of more than 60 g kg-1 in both A and B horizons and in some 

humid conditions soil C contents can reach 200 g kg-1. In addition, Nanzyo et al. (1993) have 

shown that even allophanic Andisols contain up to 150 g kg-1 SOC, whereas nonallophanic 

Andisols accumulate up to 230 g kg-1 SOC. The C:N ratio was relatively constant across the 

watershed (CV = 6 %) with a mean ratio of 10.9. This is in line with similar studies of coffee 

agroforestry and pasture systems on Andisols, which had a mean C:N ratio of 11.6 (Hoyos et al., 

2005). The narrow range for C:N ratio is thought to originate from the homogeneous crop type 

and small contribution of leaf litter from leguminous shade trees.  

 

2.5.2. Soil reflectance 

Typical of soils, the reflectance was lower in the visible range and increased in the near-infrared 

range between 700 nm and 1800 nm (Fig. 2.3a, c). There were three distinctive absorbance bands 

at 1400, 1900 and 2200 nm. The spectral band at 1400 nm is strongly affected by OH features of 

free water and clay lattices whereas the band at 1900 nm is affected by OH features of free water 
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Table 2.1 Descriptive statistics of reference set and prediction set 
       

  n Min Max Mean St.dev CVb 

SOCa (g kg-1) 72 45.0 154 87.0 27.6 32 

SOCVNIRS_PLS (g kg-1) 406 6.40 160 80.4 26.7 33  
N (g kg-1) 72 4.60 12.9 7.90 2.20 28 

C:N ratio 72 9.64 13.4 10.9 0.67 0.06 
a SOC = soil organic carbon by dry combustion 
b CV = coefficient of variation 
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and 2200 nm by OH features of clay lattices only (Hunt, 1980). The albedo of the reference set 

was 38% at the maximum (Fig. 2.3a) and was lower in comparison to other soil types such as in 

Ultisols (60 %; Kinoshita et al., 2011, in review). Higher SOM contents exhibit lower reflectance 

(Stoner and Baumgardner, 1981; Ben-Dor et al., 1999; Vagen et al., 2006), which may explain 

the relatively low reflectance of our dataset with SOC of up to 150 g kg-1. Additionally, coarse 

soil texture is known to have low reflectance as seen in our samples of high sand content 

(Viscarra Rossel and McBratney, 1998a, b; Reeves et al., 2011, in review).  

 

2.5.3. Prediction of soil properties by VNIRS 

Due to the limited number of reference soil samples (n=72), the leave-one-out cross-validation 

method was adopted for the PLSR analysis. Cross-validation R2 and RMSEP were compared for 

raw reflectance and first derivative reflectance (Fig. 2.3a, b) after the removal of four spectral 

outliers. The raw reflectance spectra showed higher R2 values for SOC estimations compared to 

the first derivative spectra (0.82 vs. 0.58; Table 2.2) and lower RMSEP values (11.7 vs. 18.0 g 

kg-1). This is in agreement with Bilgili et al. (2010), who found better predictability with raw 

reflectance for SOM and soil texture, though the reduction in the predictability with first 

derivative reflectance was more pronounced in our study. The need for utilizing first derivative 

reflectance was minimal in this experimental setup, because ambient illumination levels were 

kept constant during the spectral scanning, and the average of 100 spectral readings from two 

different positions were taken per sample.  

Comparison between raw reflectance VNIRS-PLSR predicted SOC values and measured values 

show points along the 1:1 line (Fig. 2.4).  
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Fig. 2.3 (a) Soil raw spectra of reference set (n = 72). (b) Soil first derivative spectra of reference set (n = 72). (c) Soil raw 
spectra of prediction set (n= 406)  
 
a) 

 
b) 
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c) 
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Model accuracy was also compared using RPD since RMSEP alone cannot provide sufficient 

information on model predictability due to variable SD of the soil properties. In soil science, 

RPD > 2 is denoted as satisfactory (Chang et al., 2001). The RPD of 2.36 was obtained using 

raw reflectance compared to 1.68 by first derivative reflectance in our study, which shows the 

adequacy of the raw reflectance model to be further applied in estimating SOC of new unknown 

soil samples. Furthermore, multiple jackknifing validation was applied to be more conservative 

in the model validation since the cross-validation method tends to overestimate goodness of fit. 

The results show slightly lower predictability with mean R2 of 0.75 and RMSEP of 12.9 g kg-1. 

The RPD value ranged from 1.55 to 2.62 with the mean value of 2.10, which satisfies the 

threshold of 2 overall (Table 2.3). The poor calibration and validation in several data subsets can 

be attributed to spectral outliers within the Hotelling T2 limit or clustering of spectral 

characteristics either in calibration or validation due to small sample numbers. The cross-

validated raw reflectance model was applied to predict SOC contents of the prediction set (n = 

406) after the removal of forty-three spectral outliers. The predicted SOC contents had mean 

values of 80.4 g kg-1 and a CV of 33 % (Table 2.1).  

 

2.5.4. Multiple linear regression with landscape attributes 

The correlation between SOC and various landscape attributes in the reference set (n = 72) were 

assessed using Pearson correlation coefficients. SOC had significant correlations (α = 0.05) to 

both elevation (r = 0.380) and plan curvature (r = -0.337; Table 2.4). Higher elevation has shown 

higher SOC contents in various study sites. Thompson and Kolka (2005) showed that higher 

SOC contents correlate with higher elevation in a watershed in 
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Table 2.2  Statistical results of cross-validation using the leave-one-out of VNIRSa with PLSRb using raw and first derivative 
reflectance spectra for SOC (n = 72) 

       

  Fc R2 RMSEPd RPDe 

Raw spectra 6 0.82 11.7 2.36 

First derivative spectra 6 0.58 18.0 1.68 

  
a VNIRS = visible and near-infreared spectroscopy 
b PLSR = patial least squares regression 
c F = number of factors used in PLSR 
d RMSEP = root mean square error of prediction 
e RPD = ratio of performance de deviation 
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Fig. 2.4 Comparison of measured SOC values by combustion and predicted SOC values by VNIRS-PLSR for reference 
samples (n = 72)    
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Kentucky, USA. Garten et al. (1999) and Bolstad and Vose (2001) also showed higher SOC 

contents over a range of 1000 m and concluded that cooler soil temperatures at higher elevation 

are the primary cause. Significant negative correlation between profile curvature and SOC shows 

higher SOC in concave topography, similar to Gessler et al. (2000). Convex topography is 

generally associated with convergent water flow and higher sedimentation, which accumulates 

more SOC. The multiple linear regression model explains 14.8 % of the variability in SOC using 

the two correlated landscape attributes and the mean RMSEP of cross-validation of the leave-

one-out method was 27.1 g kg-1.  

The combined method of VNIRS-PLSR and laboratory-measured SOC values for landscape 

modeling was also undertaken. The mean SOC content of the study site was 81.4 g kg-1 when the 

reference set (n =72) and prediction set (n = 406) are combined (n = 478; Table 2.5). Pearson 

correlation coefficients between SOC and landscape attributes for the combination of reference 

and prediction set were low and statistically non-significant (Table 2.7). This decrease in 

correlations compared to the reference set (Table 2.4) can be attributed to significant local 

variability in SOC that masks the global trend within the micro-watershed. Consequently, soil-

landscape unit (SLU) was used to stratify the study area to observe variable distribution of SOC 

in the study site (Fig. 2.5). The highest accumulation of SOC was found in toeslope areas (88.2 g 

kg-1) and the lowest in valley positions (67.5 g kg-1; Table 2.6), which were statistically different 

(α = 0.05) using the Tukey test. This is in line with the study by Terra et al. (2004), who found 

higher SOC contents with lower slope gradients since erosion is minimal. In this study site, 

toeslope had the lowest mean slope gradient of 3.23° compared to the global mean of 13.00° 

(Table 2.6).  
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Table 2.3 Results of modified jackknifing for VNIRS-PLSR assessment of SOC 
! Calibration set (n = 50)    Validation set (n = 22) 

Sequence F R2 RMSEP RPD R2 RMSEP RPD 

1 6 0.77 13.9 2.09 0.85 8.47 2.62 

2 4 0.80 13.2 2.21 0.56 14.9 1.55 

3 6 0.84 10.9 2.52 0.78 13.1 2.17 

4 5 0.75 13.5 1.97 0.77 14.0 2.13 

5 6 0.83 12.1 2.43 0.73 11.6 1.96 

6 4 0.71 13.5 1.84 0.78 15.2 2.16 

Mean 5.2 0.78 12.9 2.18 0.75 12.9 2.10 
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Table 2.4 Pearson correlation between measured SOC and terrain attributes from a DEMa 

!   

Terrain attribute Correlation coefficient 

Elevation 0.380*  

Slope -0.179 

Aspect 0.084 

Profile curvature -0.107 

Plan curvature -0.337* 

SCAb -0.163 

CTIc -0.048 

LAId 0.065 

   

* Significant at α = 0.05 
a DEM = digital elevation model 
b SCA = specific catchment area 
c CTI = compound topographic index 
d LAI = leaf area index 
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Geomorphological properties in the watershed presented high variability (Fig. 2.6). Elevation 

ranged about 280 m and the slope from 0° to 40°, which represent the complex topography of the 

study site. The density of surface vegetation also varied significantly with LAI’s of 0 to 8.2.   

The stratification of the study site by SLUs improved correlation coefficients between SOC and 

the landscape attributes for some. In footslope positions, plan curvature had a significant (α = 

0.05) correlation (r = -0.272), which indicates higher SOC in concave topography at the foot of a 

slope, similar to Gessler et al. (2000). Convex topography generally creates convergent flow and 

higher sedimentation, which cause SOC accumulations.  

In upper slope positions, elevation was significantly correlated (α = 0.05) to SOC (r = -0.265) 

and this was contrary to the finding with the reference set. However, the high slope gradient 

(16.07°; Table 2.6) in this SLU can cause downward transportation of SOM in the topsoil due to 

erosion, and create sedimentation and lower C decomposition due to more likely anaerobic 

conditions in lower elevations (Jian-Bing et al., 2006). LAI was positively correlated to SOC in 

upper slope position (r =0.29), and this may be related to a significant correlation (α = 0.05) 

between elevation and LAI (r = -0.28) in the unit. In the valley position, elevation was again 

significantly correlated to SOC (r = -0.53) where the mean slope gradient was the highest in all 

the SLUs (Table 2.6).  

In the study site, significant correlations between SOC and various landscape attributes were 

only found in footslope, upperslope, and valley positions, which account for only 29 % of the 

total area. The large local variability in SOC at each sampling point can be caused by many 

factors including variable pruning management and inherent heterogeneity in soil properties and  

volcanic parent material. 
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Table 2.5 Descriptive statistics of combined (measured and VNIRS predicted) SOC values in different soil landscape units 
             

 Sample set (n=478)       

  n Min Max Mean St.dev CV 

All 478 6.42 160 81.4 26.9 33 

Toeslope 66 22.3 160 88.2 28.3 32 

Backslope 240 12.5 154 79.6 25.3 32 

Shoulder 25 31.9 135 83.3 31.5 38 

Footslope 66 18.0 140 82.1 24.9 30 

Upperslope 60 6.42 137 84.3 30.0 36 

Valley 21 21.1 123 67.5 27.8 41 
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Table 2.6 Descriptive statistics of various terrain attributes and LAI in each soil landscape unit  
!             

! Sample set (n=478)       

  n Elevation (m) Slope (°) SCA (m2) CTI LAI 

All 478 1124 13.00 227 6.23 2.44 

Toeslope 66 1135 3.23 223 7.54 2.45 

Backslope 240 1123 13.08 64 5.98 2.39 

Shoulder 25 1149 18.40 33 4.53 2.15 

Footslope 66 1105 15.87 836 7.21 2.71 

Upperslope 60 1140 16.07 16 5.01 2.39 

Valley 21 1101 18.76 1014 7.56 2.53 
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Table 2.7 Pearson correlation between combined (measured and VNIRS predicted) SOC and various terrain attributes from a 
DEM 

        

                                   Soil Landscape Unit   

Terrain attribute All Toeslope Backslope Shoulder Footslope Upperslope Valley 

Elevation -0.04 0.078 0.032 0.219 -0.13 -0.265* -0.532* 

Slope -0.045 -0.167 0.004 0.004 0.021 -0.1 -0.131 

Aspect 0.011 -0.1 0.025 -0.078 0.072 0.12 -0.091 

Profile curvature 0.038 0.099 0.044 -0.006 0.033 -0.006 -0.269 

Plan curvature -0.057 0.034 -0.016 0.016 -0.272* -0.085 -0.197 

SCA -0.054 -0.121 -0.047 -0.233 -0.237 0.023 -0.041 

CTI -0.055 0.066 -0.059 -0.107 -0.205 0.044 -0.123 

LAI 0.087 0.161 0.059 -0.27 0.216 0.29* -0.092 
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Fig. 2.5 Soil landscape units within the experimental basin 
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Fig. 2.6 Surfaces geomorphological properties in the experimental basin 
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2.5.5. Variogram models 

Auto- and cross-variograms of the 72 reference samples for SOC were computed and modeled. 

Exponential and spherical models with or without anisotropy were fitted to the reference set of 

which the exponential model without anisotropy showed the best fit in sample variations (Table 

2.8). The ratio of nugget to sill represents the spatial autocorrelation and the value of < 0.25, 

0.25-0.75, and > 0.75 show strong, moderate and weak correlation, respectively (Cambardella et 

al., 1994). The nugget:sill ratio of our study ranged from 0.34 to 0.49 which indicates moderate 

spatial correlation of SOC. The interpolated surface has SOC ranging from 45.0 g kg-1 to 154 g 

kg-1 (Fig. 2.8).  

  

2.5.6. Ordinary kriging vs. VNIRS 

OK is a technique often used in precision agriculture to obtain soil properties at unsampled 

locations from measured values relying on spatial correlations (Webster and Oliver, 2007). This 

differs from VNIRS-PLSR prediction methods since it does not require any sample collections at 

the predicted locations.  

 

The predictability of OK was compared to VNIRS using cross-validation of the leave-one-out 

method and the RMSEPs were 23.5 and 11.7, respectively (Tables 2.8 and 2.2). The coefficients 

of correlation were 0.26 and 0.82, respectively, indicating considerably better predictability with 

the VNIRS-PLSR approach. This can be partly related to the high nugget effect due to local 

variability of SOC in our study site with extremely complex topography as well as varying 
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surface vegetation densities. Variability of SOC contents in tree-based ecosystems is generally 

significantly higher than agricultural fields and is more difficult to represent by geostatistical 

methods (Conant et al., 2003). Nevertheless, it was relatively well predicted by the VNIRS-

PLSR method, because it relies on soil reflectance characteristics and is not affected by 

unexplained spatial variability. 

 

2.5.7. Cokriging 

The high variability of SOC in this micro-watershed is thought to primarily originate from 

topography and vegetation (Terra et al., 2004; Payán et al., 2009). Therefore, higher sampling 

sizes combined with rapid analysis of SOC by VNIRS or the integration of landscape attributes 

as covariables may be superior to OK.  

The correlation coefficients and RMSEP of the measured and estimated SOC contents of the 

reference set were again assessed using the leave-one-out cross-validation method and compared 

to the results obtained by VNIRS-PLSR and OK. Contrary to the findings in an agricultural field 

(Bilgili et al., 2011), the use of VNIRS lowered the predictability of SOC slightly compared to 

OK. The RMSEP was increased from 23.5 g kg-1 to 23.7 g kg-1 using the spherical model without 

anisotropy (Table 2.9).  
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Fig. 2.7 Interpolated surface of combined (measured and VNIRS predicted) SOC in Aquiares  
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Table 2.8 Auto and cross-variogram model parameters of SOC data of reference set (n =72). c0 nugget, c sill, and a range (m) 
 

 OKa        COKb-VNIRS    COK-LANDc   

  c0
d ce af c0/c  c0 c a c0/c  c0 c a c0/c 

Exponential-anisotropy 28.4 84.3 992 0.34  28.5 84.2 992 0.34  32.7 88.3 992 0.37 

Exponential 32.7 88.3 992 0.37  32.8 88.2 992 0.37  32.7 88.3 992 0.37 

Spherical-anisotropy 37.6 85.5 992 0.44  37.5 85.4 992 0.44  41.9 88.2 992 0.48 

Spherical 39.2 83.7 754 0.47  38.5 83.1 726 0.46  43.5 88.7 992 0.49 
a OK = ordinary kriging 
b COK = cokriging 
c LAND = landscape attributes 
d c0 = nugget 
e c = sill 
f a = range (m) 
 

 

 

 

 

 

 

 

 

 



 75 

Table 2.9 Comparison of OK and COK including VNIRS and landscape attributes.  
! !! !! !! !! ! !! !! !! !! ! !! !! !! !!

 OK     COK-VNIRS    COK-LAND   

 EAa Eb SAc Sd  EA E SA S  EA E SA S 

R2 0.22 0.25 0.24 0.26  0.20 0.24 0.23 0.26  0.27 0.28 0.28 0.28 

RMSEP (g kg-1) 24.4 23.8 24.0 23.5  24.6 23.9 24.1 23.6  23.4 23.3 23.2 23.2 
a EA = exponential model with anisotropy 
b E = exponential model 
c SA = spherical model with anisotropy 
d S = spherical model 
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2.6. Conclusions 

VNIRS-PLSR with raw reflectance spectra successfully predicted SOC of Andisols within a 

micro-watershed of Costa Rica using a minimum number of soil analyses, with R2 = 0.82, 

RMSEP = 11.7 g kg-1, and RPD = 2.10. The method therefore provides 1) a rapid and cost 

effective analysis of SOC in complex agroforestry systems, 2) increased sample numbers to 

further analyze the relationships between SOC and landscape attributes as well as beneficial 

effects of agroforestry, and 3) more detailed understanding in the spatial structure of SOC within 

a micro-watershed.  

For this study site, the significant correlations between SOC and landscape attributes were only 

apparent when the micro-watershed was stratified using SLU, presumably due to the differences 

in SOC concentrations between the SLU generated by soil water flow and sedimentation. 

Elevation had a significant negative correlation to SOC in upperslope and valley, which further 

suggests the effects of downward flow of water and redistribution of SOC-rich topsoil to lower 

elevations. The spatial structure of SOC at the study site indicated moderate spatial dependency; 

however, predicting SOC of unvisited sites with OK and COK methods was not sufficiently 

precise due to high nugget effects.  

In summary, the SOC distribution in this micro-watershed is influenced by highly localized 

variability in organic matter input by coffee and shade trees, organic matter decomposition 

dynamics, volcanic ash content and allophane levels, and past and present agricultural 

management. This complicated spatial assessment of SOC stocks for the area. Using regression-

based landscape models provided limited results, in part because the SOC distribution were not 

uniform and varied by landscape unit. Geostatistical techniques were similarly affected by high 
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local variability (nugget variance). The most promising results were achieved by VNIRS, which 

showed high predictability for SOC. It allows for better SOC stock estimation through high 

sample numbers. 

Although the “paint by numbers” for SOC stock assessment approach may work well for cases 

with predictable spatial patterns, it appears that high spatial sampling intensities, inexpensive 

SOC analysis with VNIRS, and “measure and multiply” extrapolation is most useful for this 

complex agroforestry watershed.  
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