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Abstract
Soil fertility depletion in smallholder agricultural systems in sub-Saharan Africa presents a formidable challenge both for food production and
environmental sustainability. A critical constraint to managing soils in sub-Saharan Africa is poor targeting of soil management interventions. This
is partly due to lack of diagnostic tools for screening soil condition that would lead to a robust and repeatable spatially explicit case definition of
poor soil condition. The objectives of this study were to: (i) evaluate the ability of near infrared spectroscopy to detect changes in soil properties
across a forest-cropland chronosequence; and (ii) develop a heuristic scheme for the application of infrared spectroscopy as a tool for case
definition and diagnostic screening of soil condition for agricultural and environmental management. Soil reflectance was measured for 582
topsoil samples collected from forest-cropland chronosequence age classes namely; forest, recently converted, RC (17 years) and historically
converted, HC (ca.70 years). 130 randomly selected samples were used to calibrate soil properties to soil reflectance using partial least-squares
regression (PLSR). 64 randomly selected samples were withheld for validation. A proportional odds logistic model was applied to chronosequence
age classes and 10 principal components of spectral reflectance to determine three soil condition classes namely; “good”, “average” and “poor” for
194 samples. Discriminant analysis was applied to classify the remaining 388 “unknown” samples into soil condition classes using the 194
samples as a training set. Validation r2 values were: total C, 0.91; total N, 0.90; effective cation exchange capacity (ECEC), 0.90; exchangeable
Ca, 0.85; clay content, 0.77; silt content, 0.77 exchangeable Mg, 0.76; soil pH, 0.72; and K, 0.64. A spectral based definition of “good”, “average”
and “poor” soil condition classes provided a basis for an explicitly quantitative case definition of poor or degraded soils. Estimates of probabilities
of membership of a sample in a spectral soil condition class presents an approach for probabilistic risk-based assessments of soil condition over
large spatial scales. The study concludes that reflectance spectroscopy is rapid and offers the possibility for major efficiency and cost saving,
permitting spectral case definition to define poor or degraded soils, leading to better targeting of management interventions.
© 2007 Elsevier B.V. All rights reserved.
Keywords: Infrared spectroscopy; Tropical rainforest; Chronosequence; Soil condition class; Case definition; Probabilistic risk-based assessment

1. Introduction
Recent assessments of the ecosystem service functions of
soils and their importance for global sustainability underscore
the importance of sustainable management of soil resources for
present and future societal welfare (Millennium Ecosystem
Assessment, 2005). However, a fundamental challenge to
managing soils, especially in Africa, is the lack of appropriate
approaches and tools for reliable case definition of poor or
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degraded soils that would permit diagnostic screening for
spatially explicit targeting of management interventions.
The dynamics of soil quality change is well documented.
Schlesinger (1985) observed that agricultural land continues to
loose carbon at successively lower rates with time, approximating a low steady state after 30 to 50 years. Johnson (1995)
conceptualized a nonlinear trajectory for changes in ecosystem
carbon stocks after disturbance or degradation. Hartemink
(2006) illustrated that changes in exchangeable K over time
when no amendments are applied can be depicted theoretically
as a nonlinear decline trajectory. At the landscape level, the
existence of multiple soil condition states (fertility gradients)
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present a great opportunity for the development of spatially
explicit case definitions for poor soils.
Using multiple soil condition states as a basis for case
definition to define degraded and non-degraded soils is
contingent upon portable testing and large area diagnostic
screening methods that are sensitive to management-induced
differences in soil attributes. Soil testing using conventional
laboratory methods carry prohibitive costs (both time and effort)
and hence not suitable for rapid testing and diagnostic screening
at large spatial scales. Furthermore, soil is a complex,
multivariate assemblage of correlated and interacting constituents that are simultaneously exposed to degradation. Effective
management of soil resources is therefore unlikely to be
successful if based on individual soil property dynamics studied
using conventional laboratory analytical methods (Islam et al.,
2003; Viscarra Rossel et al., 2006).
There is need for novel analytical methods that recognize
that soil is a system comprised of correlated constituents whose
dynamics must be monitored simultaneously. Recent advances
in soil analysis demonstrate that diffuse reflectance spectroscopy is a robust analytical technique suited for rapid and
simultaneous analysis of biological, chemical and physical
attributes of soil. Using wavelength ranges in the visible (VIS,
0.4–0.7 μm), the near infrared (NIR, 0.7–2.5 μm) and the mid
infrared (MIR, 2.5–25 μm) researchers have successfully
predicted several soil fertility parameters including organic
carbon (SOC), inorganic carbon, total nitrogen (TN), cation
exchange capacity (CEC), pH, potassium (K), magnesium
(Mg), calcium (Ca), zinc(Zn), iron (Fe), and manganese (Mn)
with various levels of prediction accuracy (e.g. Baumgardner
et al., 1985; Ben-Dor and Bannin, 1995; Janik et al., 1998;
Shepherd and Walsh, 2002; Malley et al., 2004; Brown et al.,
2006; Viscarra Rossel et al., 2006).
The potential of diffuse reflectance spectroscopy as a robust
technique for rapid and simultaneous prediction of a suit of soil
properties is clear. However, the challenge is to move the
application of spectroscopy toward a diagnostic screening tool
that can aid the development of reliable spectral case definition to
characterize soil health for agricultural and environmental
management at the farm and landscape level. Shepherd and
Walsh (2002) pointed to the potential of soil spectroscopy for riskbased assessment of the effects of land use and land management
on soil condition. Cohen et al. (2004) used a spectral screening
test to “harden” a case definition of soil erosion status in Kenya
based on subjective visual field assessments. Vagen et al. (2006)
developed spectral fertility index and used it to investigate effects
of land use and time since forest conversion on soil condition in
Madagascar. Such approaches need validating more widely,
especially to test the application of reflectance spectroscopy for
detection of management-induced changes in soil condition and
for case definition of poor or degraded soils.
In this study we apply a proportional odds logistic regression
model to uncover the inherent spectral structure of soils drawn
from a tropical forest-cropland chronosequence in Kenya.
Vagen et al. (2006) used a proportional odds logistic model to
develop a soil fertility index to assess landscape level changes in
soil fertility after forest conversion in Madagascar, while Cohen

et al. (2004) used ordinal logistic regression and classification
trees to discriminate between ecological condition categories in
western Kenya. Discriminant analysis was used to compute
linear mathematical functions to classify new, unclassified data,
into the respective soil condition classes (Huberty, 1994;
Venebles and Ripley, 2002).
This paper proposes a framework for the use of infrared
spectroscopy as a tool for: (i) building spectrally based soil
condition classes; (ii) spectral case definition of poor soils,
leading to case classification of unknown samples; and (iii)
estimating the probability of a soil sample belonging in a soil
condition class (corresponding to the decision nodes illustrated
in Fig. 1). The objectives of this study were to: i) evaluate the
ability of near infrared spectroscopy to detect changes in soil
properties across a forest-cropland chronosequence; and (ii)
develop a heuristic scheme for the application of infrared
spectroscopy as a tool for case definition and diagnostic
screening of soil condition for agricultural and environmental
management.
2. Materials and methods
2.1. Site description
The study was conducted in the Kakamega Forest and its
cultivated margins in the western Kenya highlands. The
Kakamega forest is considered the eastern-most remnant of
the equatorial rainforest that stretched from West Africa through
the Congo Basin and into East Africa. It lies between latitude
0°.10 N and 0°.21 N; longitude: 34°.47 E and 34°.58 E. The
altitude of the area ranges between 1500 m and 1600 m above
sea level. Mean annual temperature ranges between 18 and
21 °C. Average annual rainfall in the area is ∼ 2080 mm
distributed across two rainy seasons April–June (∼ 1300 mm),
and September–November (∼800 mm). The soils are predominantly Nitisols (FAO-UNESCO). Geologically, the soils are
associated with Kavirondian sediments (mudstones) and
granite. The soils are moderately acidic (pH 5–5.9) with
predominantly clay texture (Kenya Soil Survey, 2004). A
detailed site description of the chronosequence age classes is
given in Table 1.
2.2. Site selection
Measuring the response of soil condition to management
over long time scales at large spatial scales is feasible but highly
demanding and long-term experiments are expensive; but
information is needed now. For this reason, a chronosequence
approach is attractive, in which sites of different ages are
assumed to represent points in time in the development of
derived sites, in this case conversion of forest to cropland.
A combination of anecdotal accounts, aerial photographs and
Landsat imagery was used to estimate forest to cropland
conversion timelines. The experimental design was based on a
chronosequence comprising three age classes; (i) Primary and
secondary rainforest vegetation, (ii) sites that had been recently
converted (RC) from native forest to agricultural land, (iii)
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Fig. 1. A scheme for use of reflectance for classification and estimation of spectral condition state probabilities.

historically converted (HC) sites, including agricultural land
converted about 100 year ago with intensive sedentary
cultivation occurring over the last 70 years.
2.3. Soil sampling and chemical analysis
Five sampling clusters, each measuring 64 ha, were placed
randomly in each chronosequence age class. In each cluster, 13
plots measuring 30 by 30 m were laid out. Topsoil (0–20 cm)
soil samples were collected at three positions (5, 15 and 25 m)
along a 30 m transect (Fig. 2). Soil samples were collected along
the dominant slope direction in each plot. All plots were georeferenced at their centre-points (15 m) using a survey grade
differential GPS. Soil sampling was implemented in May–
October 2002. Core sampling was not feasible in this situation,
as many of the soils were wet and tended to compress strongly.
Thus, care was taken to create auger holes with reasonably
uniform volumes.
Laboratory analysis was performed at the soil and plant
analysis laboratory of the World Agroforestry Centre (ICRAF).
Soils were air-dried and passed through a 2-mm sieve and
analyzed using standard methods typically used for tropical
soils. Soil pH was determined in water using 1:2.5 (soil: waterratio). Total C and N were determined using a ThermoQuest EA
1112 elemental analyzer. Samples were extracted with 1 M KCl
using a 1:10 soil/solution ratio, and analyzed by absorption
spectrometry for exchangeable Ca, Mg and exchangeable Na by
flame photometry (ISFEIP, 1972; Yurimaguas Experiment
Station Staff, 1989). Samples were extracted with 0.5 M
NaHCO3 + 0.01 M EDTA (pH 8.5, modified Olsen) using a 1:10
soil/solution ratio and analyzed by flame photometer for

exchangeable K and colorimetrically (molybdenum blue) for
extractable P (ISFEIP, 1972; Yurimaguas Experiment Station
Staff, 1989). Effective cation exchange capacity (ECEC) was
calculated as the sum of exchangeable bases (Ca, Mg, K, and
Na). Tropical soils typically have pH-dependent charge, and
with this procedure CEC is determined at a soil's natural pH
(Juo and Franzluebbers, 2003). Particle-size distribution was
determined using the hydrometer method after pretreatment
with hydrogen peroxide to remove organic matter (Gee and
Bauder, 1986). Soil chemical and physical properties were
Table 1
Description of chronosequence age classes
Site
Forest

Site description

Comprised of primary and secondary forest vegetation
species, including Antaris toxicaria, Melicia excelsia,
Aningeria altissima Chrysophyllum albiduim, Olea
capensis, and Croton megalocarpus. The understorey
is dominated by Dracaena shrub species.
Recently converted
Converted from forest to cultivation in 1986. Cultivated
(RC)
and planted with maize and beans for subsistence by
smallholder non-resident farmers. Forest conversion
and cultivation timelines are based on evidence from
time series Landsat TM imagery. Crop residues are
exported to the village and used as sources of domestic
fuel or sold to neighbours as fodders.
Historically converted Forest was cleared under an initial native settlement
(HC)
scheme in the 1940s. Currently under sedentary
intensive smallholder cultivation integrated with
livestock keeping dating back over 70 years. Forest
conversion and cultivation history was based on old
topographic maps, aerial photographs and anecdotal
accounts from elderly residents.
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Fig. 2. Map showing the locations of soil sampling sites.

measured for a randomly selected sub sample of one third (194)
of the total 582 samples.
2.4. Spectral measurement
Reflectance spectra were recorded for each soil sample using
a FieldSpec™ FR spectroradiometer (Analytical Spectral
Devices Inc, Boulder, Colorado) at wavelengths from
0.35 μm to 2.5 μm with a spectral sampling interval of
0.001 μm. Prior to scanning, air-dried soil samples were ground,
and passed through a 2-mm sieve. Soils were air-dried to control
for the effects of moisture on spectral reflectance. Previous

studies have noted a decrease in overall reflectance in wet soils
(Baumgardner et al., 1985; Lobell and Asner, 2002). Samples
were scanned through the bottom of a 7.4 cm diameter Duran
glass Petri dish using a high-intensity source probe (Analytical
Devices, Boulder CO). This instrument uses a high temperature
(3000 °K) tungsten filament bulb for sample illumination;
reflected light in 1-nm bandwidths between 350 and 2500 nm is
collected by three internal spectrometers (350–1000, 1000–
1800, and 1800–2500 nm). Prior to reading each sample, ten
white reflectance spectra were recorded using calibrated
spectralon (Labsphere, Sutton NH) placed in a glass Petri dish
(Shepherd and Walsh, 2002). The same type of Petri dish was
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used throughout the study to minimize any variability due to
light absorption by the glass.
Reflectance readings of each wavelength band were expressed
relative to the average of the white reference readings. The
optical setup is further described in Shepherd et al. (2003). To
sample within dish variation, reflectance spectra were recorded at
two positions, successively rotating the sample dish through 90°
between readings. The average of 25 spectra (the manufactures
default number) was recorded at each position to minimize
instrument noise. Relative reflectance spectra were re-sampled
by selecting every 100th micrometer value from 0.35 to 2.5 μm.
Resampling was done to reduce data volume as well as match it
more closely to the spectral resolution of the instrument (0.003–
0.01 μm).
2.5. Data pre-treatment
First-derivative transformation over a 0.02 μm gap with
second-order polynomial Savitzky–Golay smoothing (Fearn,
2000) was performed to minimize variance between samples
caused by grinding and optical set-up. Derivative transformation minimizes variation among samples caused by variation in
grinding and optical setup (Martens and Naes, 1989) and is has
been found to be an optimal spectral pre-treatment in similar
studies (Chang et al., 2001; Shepherd and Walsh, 2002; Vagen
et al., 2006). Multiplicative scatter correction (MSC) was
applied to the first derivative spectra. In MSC, each spectrum is
normalized according to the average spectrum of calibration set.
This was calculated by the regression of each spectrum with
respect to the average spectrum and by removing the slope and
offset effects.
Wavebands in regions of low signal/noise ratio or displaying
noise due to splicing between individual spectrometers were
omitted (Analytical Spectral Devices, 1997). The omitted bands
were 0.35–0.40 μm, 0.97–1.01 μm, 1.75–1.8 μm and 2.45–
2.50 μm, leaving 198 waveband predictors between 0.4 and
2.40 μm.
2.6. Statistical analysis
2.6.1. Spectral calibration and prediction of soil properties
Near infrared spectroscopy is an indirect analytical method
that is based on the development of empirical models in which
the concentration of a constituent is predicted from multivariate
spectral data. In this study, partial least-squares regression
(PLSR) was used to relate spectral reflectance to measured soil
properties. Partial Least Squares regression is based on linear
transformation from a large number of original descriptors to a
new variable space based on a small number of orthogonal
factors (latent variables). Unlike similar approaches such as
principal component regression PCR, latent variables are
chosen in such a way as to provide maximum correlation with
dependent variable(s); thus, PLS model therefore contains the
smallest necessary number of factors (Höskuldsson, 1988).
For each soil property, a calibration model using PLSR was
developed on a random sample of two-thirds (130 samples) of
the 194 samples for which laboratory chemical and physical
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properties were obtained. Cross-validation was applied to
prevent over-fitting of the models. The calibrations were tested
on by predicting the values of a given soil variable on a
validation data set comprising one-third (64 samples) hold out
validation set was used to test the calibration models. All
calibrations were developed on natural log transformed soil
variables. However, to evaluate the predictive performance of
the models soil variables were back-transformed. The predictive
ability of the PLSR model was assessed using statistical
parameters typically used in chemometrics (Naes et al., 2002).
The prediction performance was evaluated on predicted and
measured values of soil attributes using the coefficient of
determination and the root mean square (RMSE). The
coefficient of determination, r2 measures the proportion of
total variation accounted for by the model, the remaining
variation being attributed to random error. The root mean square
error of calibration (RMSEC) and the root mean square error of
prediction (RMSEP) were calculated from:
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1X
RMSEC or RMSEP ¼
ð xi  yi Þ 2 ;
ð1Þ
N
where (xi − yi) is the difference between the measured value by
laboratory methods and the predicted value by PLS, N is the
total number of samples in the test (Naes et al., 2002). All
analysis was performed using Unscrambler® v 9.6 (CAMO
Inc., 2006).
2.6.2. Logistic modelling to determine spectral soil condition
classes and predict probability of soil condition classes
Proportional odds logistic modelling is a generalized linear
modelling technique that predicts ordinal responses of categorical variables. In order to improve the estimation of the logistic
model parameters under multicollinearity, principal components
of the original spectral reflectance wavebands were used as
explanatory variables. Principal component analysis is a multivariate technique based on explaining a set of correlated variables by a reduced number of uncorrelated ones with maximum
variance. In this study, the first ten principal components
explained which explained 99.9% of the total variation in the
spectral data was used as explanatory variables. The Chronosequence Age Class (Forest, recently converted, RC and
historically converted, HC) was used as the response variable in
the proportional odds logistic model. One-third (194) of the 582
samples were used in the analysis. The proportional odds logistic model uses maximum likelihood estimates (MLE) to
calculate logistic regression (logit) coefficients.
The proportional odds model is defined by:
"
#
K
X
gjðiÞ
LjðiÞi ¼ ln
bk Xik
ð2Þ
¼ aj þ
1  gjðiÞ
k¼1
where Lj(i) is the cumulative logit used as a link function, γj is
the cumulative probability βk is the parameter vector and Xi
represents the explanatory variables, in this case the principal
components. αj is the model intercept or cut-point. Computing
the model logits essentially transforms the spectral data space
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into a linear spectral condition scale. In this study two model
intercepts were used to determine three soil condition classes.
The model logit is thus given by;
Logit ¼ b1 X1 þ b2 X2 þ N þ bk Xk

ð3Þ

The proportional odds model is not based on the individual
probability of each class but on the cumulative probabilities of
Lj of the class considered j and the (j − 1) precedent class
(McCullagh, 1980). The proportional odds model is stated as
follows, for a response variable Y having levels 0, 1, 2,……, k,
and X a set of p-dimensional explanatory variables.
1
 
 ; j ¼ 1; 2; N ; k:;
Lj ¼ PðY zjjX Þ ¼ 
1 þ exp  aj þ bX
ð4Þ
Where P(Y ≥ j) is the cumulative probability of the event
Y ≥ j, Y is the chronosequence age class, with J categories
namely Forest (1), recently converted (2), historically converted
(3). Forest soils were used as the reference class. To compute the
cumulative probability of membership in the reference soil
condition class, Eq. (4) was re-written as:
Lj ¼ PðY zjjX Þ ¼ 

1

 
1 þ exp aj þ bX

ð5Þ

The formulation Y ≥ j is used in Eqs. (4) and (5) to ensure
that the model coefficients are consistent with the binary logistic
model (Harrell, 2001). The proportional odds model was
implemented in SAS 9.1.3 using PROC LOGISTIC (SAS
Institute Inc., Cary, NC). The graphical method described by
Harrell (2001) was used to assess the ordinality assumption. The
proportional odds assumption was satisfied.
2.6.3. Discriminant analysis
We evaluated how future cases (unknown samples) would be
allocated to one of the spectrally defined soil condition classes
using discriminant analysis. Discriminant analysis extracts
linear combinations of the quantitative variables (canonical
variables) that capture between-class variation in much the same
way that principal components summarize total variation (SAS
Inst. Inc., 2006). Discriminant analysis generates one or more
linear combinations of the discriminating variables. These
discriminant functions are of the form:
Di ¼ di1 Z1 þ di2 Z2 þ N þ dip Zp

ð6Þ

where Di is the score on discriminant function i, the d's are
weighting coefficients, and the Z's are the standardized values
of the p discriminating variables used in the analysis. Typically,
the discriminant scores (D's) for the cases within a particular
group will be fairly similar. The functions are formed in such a
way as to maximize the separation of the groups.
There are two main purposes for which discriminant analysis
is commonly used; (i) to analyze the differences between two or
more groups of multivariate data using one or more discriminant

functions in order to maximally separate the identified groups;
(ii) to obtain linear mathematical functions which can be used to
classify the original data, or new, unclassified data, into the
respective groups (Huberty, 1994; Venebles and Ripley, 2002).
As in multiple regressions, for allocation or classification
discriminant analysis uses a set of rules which consist of as
many linear combinations of predictors as there are categories,
or groups (Huberty, 1994).
Discriminant analysis has been used in soil analysis to
classify soil attributes. For example Webster and Burrough
(1974) observed that discriminant analysis allows surveyors to
define classes by choosing a set of representatives for each and
for further allocation to reproducible, and at the same time
avoids the difficulty of defining critical divisions between
classes. Palacios-Orueta and Ustin (1996) used discriminant
analysis to show that reflectance spectra of two soils belonging
to the same series and a third soil belonging to a different but
related series can be discriminated at a high level of accuracy.
More recently Carroll et al. (2006) used discriminant
analysis for classification of the various soil types based on
their respective physical and chemical characteristics and to
identify relative changes in each soil type after an extended
period of application of effluent.
One-third (194) of the total sample space was used as the
training data set to classify the remaining “unknown” two-thirds
(388) of the samples into spectrally based soil condition classes.
Discriminant analysis was used to derive linear mathematical
functions which were used to classify into soil condition classes.
Predictor weights for three linear combinations, one associated
with each soil condition class, were determined. Three probaõbilities of group membership can be calculated for subsequent
samples based on the three linear combinations; the sample was
assigned to the group with the larger linear combination score.
The validity of the classification model was evaluated using
two criteria: Wilk's Lambda, which is an index of discriminating power ranging between 0 and 1 (the lower the value the
higher the discriminating power), and the average squared
canonical correlation (ASCC) which approaches 1 if the different groups are well separated (and 0 if the groups are not well
separated). Discriminant analysis was implemented in SAS
9.1.3 using PROC DISCRIM (SAS Institute Inc., Cary, NC).
3. Results and discussion
3.1. Changes in soil properties across the chronosequence
Multivariate analysis of variance revealed that the spectrally
predicted soil chemical properties namely; total C, total N, K, Mg,
Ca, pH and ECEC were significantly different (p b 0.001; Wilk's
Lambda: 0.0031) among the chronosequence sites (Table 2). The
highest concentrations of measured soil properties were recorded
in Forest sites. Conversely, the lowest concentrations of all measured soil properties were recorded in historically converted sites.
Changes in soil physical properties were characterized by an
increase in sand content from forest to historically cultivated sites.
There is a veritable decline in concentrations of various soil
attributes across the forest-cropland chronosequence. The
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Table 2
Statistical summary of the soil chemical and physical properties across a forest-cropland chronosequence analysed using conventional laboratory methods
Soil property

Chronosequence age class
Forest (n = 65)

pH
Total C,gkg− 1
Total N, gkg− 1
C:N
Exch.Ca,cmolckg− 1
Exch.Mg,cmolckg− 1
Exch.K,cmolckg− 1
ECEC,cmolckg− 1
Clay gkg− 1
Silt gkg− 1
Sand gkg− 1

Recently cultivated (n = 65)

Historically cultivated (n = 64)

Range

Mean

SE

Range

Mean

SE

Range

Mean

SE

5.1–7.4
12–73
2.4–5.7
7.6–12
4.1–23
0.8–7
0.1–1.7
5.1–28
35–85
5–15
10–44

6.5a
36.8a
3.8a
9.74a
12.8a
2.6a
0.47a
15.1a
52.4a
10.8
36.8

0.05
1.34
0.09
0.4
0.4
0.2
0.03
0.47
0.95
0.93
1.12

5.1–7.6
21–59
1.4–5.6
7.9–13.1
0.4–19
0.1–3.4
0.1–0.8
2.4–24
13–68
8–20
20–54

6.2b
34.2b
3.5b
9.97a
10.5b
1.8b
0.29b
13.5b
47.4b
12.6
40

0.06
0.97
0.12
0.53
0.54
0.07
0.02
0.61
1.1
0.91
0.85

5.1–7.7
9–44
0.9–3.2
10–16
1.5–12
0.3–3.2
0.1–0.7
2–15.4
17–43
9–28
25–53

5.7c
18.7c
1.4c
13.5b
5.6c
1.1c
0.22c
6.9c
35.7c
18.2
46

0.05
1.0
0.08
0.32
0.32
0.09
0.02
0.4
0.96
0.85
1.1

Means in a row followed by the same letter were not significantly different at p b 0.0001.
pH in 1:2:5 soil water suspensions; ECEC = sum of exchangeable acidity and exchangeable cations (unbuffered); Exch.Ca = exchangeable Calcium; Exch. Mg =
exchangeable Magnesium; Exch.K = exchangeable K.

simultaneous decline in soil chemical properties after deforestation and cultivation has been reported and discussed extensively
in the literature since the seminal work of Nye and Greenland
(1960). Sanchez et al. (1983) reported similar patterns of decline
after deforestation and cultivation in tropical forest in Peru.
3.2. Spectral reflectance patterns of the chronosequence age
classes
The shape of reflectance spectra of soil samples from the
three chronosequence age classes exhibited broadly similar
patterns (Fig. 3). The shape of the spectral reflectance curves
was similar to the form described by Shepherd and Walsh
(2002) for topsoil. The soils exhibited low relative reflectance in
the visible range and prominent absorption bands at 1.42 μm,
1.92 μm and 2.2 μm. These features are associated with clay
minerals, for instance OH features of free water at 1.4 and
1.9 μm, and lattice OH features at 1.4 and 2.2 μm (Hunt, 1982;
Ben-Dor et al., 1999).
Clear variations in albedo (relative reflectance averaged over
the entire spectrum) were observed among the sites over the 1–
2.5 μm wavelength range. Overall spectral reflectance was
highest for soils collected from historically converted sites. The
lowest relative spectral reflectance was recorded for soils drawn
from the forest. Relative spectral reflectance of soils from

Fig. 3. Mean reflectance spectra of soils from forest, recently converted and
historically converted sites.

recently converted sites was intermediate between spectral
reflectance of soils from forest and historically cultivated sites.
Other researchers have shown that differences in overall albedo
are largely attributed to soil organic matter content; as organic
matter content increases, relative reflectance of soil decreases
throughout the 0.4 to 2.5 μm waveband range (Stoner and
Baumgardner, 1981; Ben-Dor et al., 1999; Vagen et al., 2006).
Particle-size distribution may also partially explain the variation
in spectral patterns across the chronosequence age classes. Soils
from historically converted sites had a higher sand content
compared to soils from recently cultivated and forest sites
(Table 2). Palacios-Oureta and Ustin (1998) observed that given
the same mineralogy, soils dominated by sand tend to be
brighter than clay dominated soils.
Spectral differences among the three chronosequence age
classes were highly significant ((p N 0.0001). Two discriminant
functions explained the total variation among the three
chronosequence age classes (Table 3). F-statistics was significant for both discriminant functions, confirming that the group
Table 3
Prediction within calibration and validation sets using partial least-squares
regression model
Soil property†

Calibration
r2(n = 130)

RMSEC

Validation
r2 (n = 64)

RMSEP

Carbon g kg− 1
Nitrogen g kg− 1
Exch. Mg, cmolc kg− 1
Exch. Ca, cmolc kg− 1
Exch. K, cmolc kg− 1
pH (H2O)
ECEC, cmolc kg− 1
Clay g kg− 1
Silt, g kg− 1
Sand, g kg− 1

0.93
0.93
0.86
0.91
0.71
0.83
0.94
0.87
0.83
0.83

1.16
0.36
1.38
1.18
0.21
0.36
2.58
3.526
5.17
6.171

0.91
0.9
0.79
0.85
0.64
0.72
0.9
0.77
0.77
0.75

1.19
0.71
1.44
1.22
0.42
0.57
3.24
4.04
6.073
5.725

pH in 1:2:5 soil water suspensions; ECEC = sum of exchangeable acidity and
exchangeable cations (unbuffered); Exch.Ca = exchangeable Calcium; Exch.
Mg = exchangeable Magnesium; Exch.K = exchangeable K.
†
Log transformations were applied prior to analysis to obtain approximately
multivariate normally distributed values.
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Fig. 4. Scatterplot comparison of actual and predicted values of soil attributes for the hold-out validation data set. Calibration models were developed with partial leastsquares regression (PLSR).

centroids differed significantly among the three sites. Mahalanobis distance (D), representing separation distance in multivariate space was significant between forest and RC spectra
(D 2 = 31.3; p b 0.0001), between forest and HC spectra
(D2 = 62.3; p b 0.0001) and RC and HC spectra (D2 = 52.6;
p b 0.0001).

3.3. Prediction of soil properties using partial least squares
regression
The ability of reflectance spectra to predict the managementinduced changes in soil properties using partial least squares
Table 5
Maximum likelihood estimates of the proportional odds logistic model

Table 4
Correlation matrix of soil properties
Soil
Property

Total
C

ECEC Exch.
Ca

Exch.
K

Exch.
Mg

Total
N

pH
(water)

Total C
ECEC
Exch. Ca
Exch. K
Exch. Mg
Total N
pH (water)

1
0.876
0.838
0.711
0.727
0.953
0.606

1
0.971
0.634
0.791
0.854
0.733

1
0.573
0.669
0.468

1
0.68
0.583

1
0.588

1

1
0.604
0.662
0.827
0.7

Parameter

DF

Estimate

SE

Wald χ2

P

α1
α2
PC1
PC2
PC3
PC4
PC5
PC7
PC9
PC10

1
1
1
1
1
1
1
1
1
1

− 1.040
2.828
2.586
− 2.538
1.245
− 1.303
0.933
− 1.704
− 1.033
0.324

0.292
0.382
0.353
0.331
0.240
0.263
0.230
0.283
0.219
0.281

12.718
54.777
53.596
58.410
26.909
24.622
16.457
36.297
22.354
43.582

0.0004
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
b0.0001
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Table 6
Statistical summary of the soil chemical properties in the three spectrally defined soil condition classes
Soil property

Soil condition class
Good (n = 98)

Ph
Total C,gkg− 1
Total N, gkg− 1
Exch.Ca,cmolckg− 1
Exch.Mg,cmolckg− 1
Exch.K,cmolckg− 1

Average (n = 54)

Poor (n = 42)

Range

Mean

SE

Range

Mean

SE

Range

Mean

SE

5.1–7.6
20.2–73.1
2.4–5.7
0.4–22.9
0.6–7.0
0.11–1.7

6.45a
35.8a
3.68a
11.8a
2.47a
0.38a

0.43
0.91
0.08
3.94
1.38
0.23

5.2–7.7
9.5–51.8
1.4–5.6
1.5–17.0
0.1–3.4
0.06–0.83

6.01b
28.1b
2.58b
9.33b
1.36b
0.32b

0.44
1.05
0.12
3.83
0.07
0.16

5.1–6.3
8.8–39.3
0.9–3.2
1.9–11.3
0.3–2.80
0.11–0.7

5.65b
17.5c
1.32c
4.88c
0.85c
0.21c

0.312
0.76
0.06
2.22
0.59
0.1

Means in a row followed by the same letter were not significantly different at p b 0.0001.
pH in 1:2:5 soil water suspensions; Exch.Ca = exchangeable Calcium; Exch. Mg = exchangeable Magnesium; Exch.K = exchangeable K.

regression (PLSR) method is shown in Table 3. Fig. 4 shows
scatter plot comparisons of predicted and actual values for some
soil properties for the hold-out validation data set. For the
calibration set, r2 values ranged from between 0.71 and 0.94.
Good calibrations (r2 ≥ 0.80) were obtained for all measured
properties except extractable K. Excellent validations on the
PLSR model predictions (r2 ≥ 0.90) were obtained for total C,
total N, and ECEC. Validation r2 ranged between 0.64 and 0.85
for exch. K (0.64), pH (0.72), sand (0.75), ex7ch. Mg (0.76)
clay (0.77), silt (0.77) and exch. Ca (0.85).
Near infrared reflectance is directly influenced by combinations and overtones of fundamental vibrations of mineral and
organic functional groups, as well as electronic transitions.
Hence spectral shape is directly affected by organic matter and
free and bound water. Particle size influences light scattering.
Hence, a theoretical basis for near infrared prediction of C, N
and particle size exists. Although ECEC is not theoretically
related to near infrared reflectance its calibration and validation
r2 were excellent. Correlation of ECEC with soil organic C and
total nitrogen (Table 4) may explain this outcome. Near infrared
reflectance was also relatively accurate for predicting Ca, Mg
and K. The ability of near infrared to predict concentrations of
exchangeable cations may be due to the correlation of these
properties with soil properties that are influenced by combinations and overtones of fundamental vibrations.
Overall, the prediction accuracy obtained, with r2 values of
0.74–0.94 for calibration and 0.64–0.91 for validation, was
sufficient for discrimination between high and low concentrations of soil attributes across the chronosequence where spatial
and temporal variability is high. These results are comparable to
the calibration and validation r2 values reported in the literature
by authors (Chang et al., 2001; Shepherd and Walsh, 2002;
Islam et al., 2003; Viscarra Rossel et al., 2006) who used
wavelength UV, VIS, NIR and MIR wavebands.

therefore excluded from the model. PC1 and PC2 had the largest
coefficients, 2.86 and −2.538 respectively. Hence it is plausible
that these two components were the most influential determinants
of the soil condition class to which a given soil sample is
assigned. Typically, PC1 accounts for brightness variation among
the samples (Smith et al., 1985) and generally correlates well
with sand content (Palacios-Oureta and Ustin, 1998). PC2
accounts for variations in carbon concentrations among samples
(Palacios-Oureta and Ustin, 1998).
Mean values for selected soil properties the three spectral soil
condition classes are shown in Table 6. Mean total C levels were
35.8 g kg− 1, 28.1 g kg− 1 and 17.5 g kg− 1 for good, average and
poor soil condition classes respectively. Similarly, total N levels
were 3.68 g kg− 1, 2.58 g kg− 1 and 1.31 g kg− 1 for good,
average and poor soils respectively. Similar patterns were
observed for soil chemical attributes. The spectral reflectance
patterns for the soil condition classes were similar to those
observed for the chronosequence age classes, albeit with better
spectral separation among the classes (Fig. 5; see also Fig. 3).
Soil from the poor soil condition class exhibited higher relative
reflectance compared to soils from the good soil condition class.
Although trends in soil attributes were similar to those
observed under the chronosequence age classes (Table 2), the
gradients were much steeper between good average soils under
the soil condition class categories than observed between soils
from forest and recently converted sites. For instance, carbon
concentration declined by 23% from good to average soil
condition compared to 18% decline between forest soils and
recently cultivated soils. Nitrogen concentration gradients were

3.4. Spectral classification of soil condition
The proportional odds logistic regression model classified the
samples into three spectral soil condition classes. Table 5 shows
the maximum likelihood estimates of the parameters used to
determine the soil condition classes. Out of the ten principal
components, only eight were retained in the model. PC6 and PC8
did not make any significant contribution to the model and were

Fig. 5. Mean reflectance spectra of soils from spectrally defined Soil Condition
Classes. Patterns can be compared with the separations shown in Fig. 3.
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much steeper (30% decline) between good and average soils
compared to 7% between forest soils and recently cultivated
soils. These differences in concentrations in primary soil
attributes may account for the greater spectral separation
between the good and average soil condition classes.
Proportional odds logistic modelling provided an explicitly
quantitative approach to predict the cumulative probability of a
soil sample belonging to the good soil condition class. The
cumulative probability of membership in the good soil condition class was derived using Eq. (5) and illustrated graphically
by plotting cumulative probability against the proportional odds
model logits (Fig. 6). The cumulative probability of membership in the good soil condition class ranged between 0.75–0.99.
Soil samples with cumulative probabilities between 0.74 and
0.21 were classified as Average. Soil samples in the Poor soil
condition class were associated with the lowest cumulative
probability (0.20 to 0) of belonging to the good soil condition
class.
The soils examined in this study can be considered to exhibit
multiple condition states characterised by two “basins of
attraction” — good soil and poor soil condition states, separated
by the average soil condition class. Soil condition state
transitions from good to average and average to poor are
presumed to occur around thresholds or critical probabilities of
0.75 and 0.20 respectively.
3.5. Classification of new or “unknown” soil into soil condition
classes
A Soil condition class (good or average or poor) was
assigned to each of the 388 soil samples drawn from the forestcropland chronosequence. The discriminant function produced
a probability of membership of a given sample in each respective soil condition class. A given sample was assigned to the soil
condition class with the highest probability. For instance, a
sample with a probability of 0.6955, 0.304 and 0.0001 of
belonging to soil good, average and poor class respectively was
assigned to the good soil condition class. Similarly, a sample
with a probability of 0.4484, 0.5516 and 0 of belonging to good,
average and poor class respectively was assigned to the average
soil condition class.

Fig. 6. Cumulative probabilities of a soil sample belonging to the reference or
“Good’ Soil Condition Class.

Fig. 7. Canonical discriminant analysis of the soil condition classes for the
“unknown” test sample of 388 soils. The first and second canonical variates produce
relative separation of these soils.

The three soil condition classes in the unknown test samples
were distinctly separated on the first and second canonical
variates (Fig. 7). The difference among the three soil condition
classes was statistically significant (Wilk's Lambda = 0.038,
F = 3.92, p b 0.0001). The average squared canonical correlation
(ASCC) was 0.8. These statistics confirm that the soil condition
classes of good, average and poor were well separated. These
results further demonstrate the sensitivity of infrared spectroscopy to management-induced changes in soil condition.
3.6. Implications for management of soil resources
This study underscores the potential application of reflectance
spectroscopy as a reliable diagnostic screening tool. In clinical
terms diagnosis is essentially an archetypal classification
problem. Classification of soils into spectrally defined condition
classes provides a basis for spatially explicit and quantitative case
definition for poor or degraded soil condition. Optimal case
definitions are critical for diagnostic classification but can be
problematic where, as is typically the case, no critical limits for
soil properties are available. With this perspective, the value of a
case definition lies in its practical utility in defining local critical
limits and classifying soils for the purpose of early detection,
prevention or management of soil degradation at local scales.
In the context of soil management, a diagnostic classification
approach would help in identifying the following:
i) Prevalence and trends to assist the development of feasible
interventions for prevention and control of soil degradation and the evaluation of the intervention programs.
ii) Patterns and risk factors associated with soil degradation to
assist in development of syndromic surveillance and
anticipatory management of soil resources as complements
to diagnostic surveillance.
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In syndromic surveillance as opposed to diagnostic surveillance, the event of interest is the syndrome rather than the
specific soil degradation problem. Syndrome is used here to
mean an aggregate of symptoms associated with a soil
degradation problem. Shepherd and Walsh (2007) noted that
Infrared spectroscopy (IR) can play a pivotal role in making the
surveillance framework operational, by providing a rapid, low
cost and highly reproducible diagnostic screening tool.
A major constraint in soil assessment is the question of critical
limits and standardization for soil properties (Carter, 2002).
Critical limits (threshold values) are required to monitor changes
(direction, rate, magnitude, extent) and determine trends in
improvement or deterioration in soil quality for various agroecological zones (Arshad and Martin, 2002). The slow progress
on critical limits for indicators is largely because soil is a
heterogeneous system with complex interactions and feedback
relationships between physical, chemical and biological properties. A critical limit of a soil indicator can be attenuated or
amplified by limits of other soil properties and the interactions and
feedback among other soil properties. There is need for analytical
techniques that recognize soil as a complete system without
disregarding its multi-component interactions (Viscarra Rossel
et al., 2006).
Infrared spectroscopy is a non-destructive analytical tool that
preserves the integrity of the soil system while analyzing several
soil properties simultaneously. These qualities make spectral
diagnosis an attractive option. A reliable (high sensitivity and
specificity) spectral classification of soil condition coupled with
an optimal spectral case definition of degraded soils would
greatly accelerate progress toward identifying and characterising tipping points or critical thresholds that lead to undesirable
transitions from good to poor soil condition state.
A valuable spin-off of the classification framework proposed in
this study is the ability to estimate probabilities of membership of a
sample in a given soil condition class. These probabilities can be
used in combination with Geographical Information Systems
(GIS), satellite imagery and geospatial interpolation tools to derive
spatially explicit probabilistic digital maps of soil condition class.
Probabilistic digital soil maps would make possible a paradigm
shift from creating polygon maps with limited information to a
method that embraces spatial variability and uncertainty, hence
facilitating risk-based approaches to soil evaluations. Coupled
with measurements of environmental and socioeconomic correlates, spatially explicit maps can accelerate reliable learning of the
risk factors and cause-effect relationships needed for primary
prevention, early detection and rehabilitation of degraded soils.
4. Conclusions
Laboratory reflectance spectroscopy can provide a rapid
screening test for screening condition, providing major increases
in efficiency and cost saving compared with traditional soil
analytical techniques. The sensitivity of infrared spectroscopy
permits spectral classification of soil condition of soils at broad
spatial scales and enables reliable spectral case definition of poor
or degraded soils. Estimates of the probability of a soil sample
belonging to a given spectral soil condition class provides an
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attractive approach for institutionalizing probabilistic risk-based
assessments of soil condition over large geographical areas (e.g.
watersheds).
The approach advanced in this study could aid much-needed
research to identify tipping points or critical thresholds that lead to
undesirable transitions from non-degraded to degraded soil states.
Once identified, spectral screening tests could be used to monitor
soil condition and aid adaptive and preventative management
strategies in participation with land resource managers.
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