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It is becoming increasingly important to improve spatial resolutions of soil maps as a fundamental
information layer for studying ecological processes and to tackle land degradation. There is growing
interest in the use of remote sensing technologies to assist the identiﬁcation and delineation of spatial
variation in soils. This paper investigates whether selected properties of extensively weathered, low
fertility soils can be predicted using high-resolution reﬂectance spectra over the range 400–2500 nm.
Clay content, carbonate concentration, organic carbon content and iron oxide content were analysed for
300 soil samples collected from the Jamestown, Belalie district, South Australia. The paper also examines
the efﬁcacy of this soil analysis methodology to supplement or replace traditional soil sampling in soil
survey to increase sampling density and improve the spatial resolution of soil maps.
Reﬂectance spectra were obtained from air-dried samples under controlled laboratory conditions
using an ASD FieldSpec Pro spectroradiometer. Partial least squares regression was used to examine
relationships between soil mineralogy, clay content and organic carbon and the reﬂectance spectra and
identify the wavelengths contributing to prediction of these soil properties. Results show that it is
possible to predict clay content, soil organic carbon, iron oxide content and carbonate content. Crossvalidation R2 values for all analyses were above 0.5 and the residual prediction difference (RPD) was
acceptable for all soil properties. Carbonate and clay content were more accurately predicted than iron
oxide and organic carbon. All samples were collected from the same geographical area such that they
represented physical properties over a naturally occurring range and provide a prediction that could be
related to subsequent image analysis or be used to carry out local scale soil survey. A rapid and reliable
form of soil mapping could be developed from this methodology.
ß 2009 Elsevier Ltd. All rights reserved.
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1. Introduction
The classiﬁcation, mapping and monitoring of soils is an
important underpinning of modern day natural resource management. Regional scale soil maps are traditionally produced by
dividing the landscape into mapping units through air-photo and
landscape interpretation from which sample sites are chosen to
characterise the soils. For regional planning these maps provide an
excellent resource, but they do not provide sufﬁcient detail for
localised soil and land management. Whereas soil variability
within each of these mapping units is often acknowledged in the
map and accompanying report, it is not depicted or quantiﬁed.
Increasing concern over land degradation, agricultural productivity and the loss of ecological services has led to a desire for greater
understanding of land resources and processes at scales larger than
1:50 000 scales.
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Around the world governments are investing in programs to
better understand soil variability and create soil databases to
better inform landscape planning and management decisions. In
South Australia the soils of the agricultural districts have been
mapped and information presented on maps at 1:50 000 and
1:100 000 scale (Soil and Land Program, 2007). While these maps
provide an excellent regional planning tool, ﬁner spatial resolution
information is required to improve land management decisions at
farm scale, and to assist understanding and modelling of problems
such as diminishing biodiversity and dryland salinity. Unlike the
agricultural districts, there is a paucity of data on the nature and
distribution of soils in South Australia’s pastoral zones. The
pastoral districts cover large areas and contribute substantially to
the State’s economic productivity. These areas would beneﬁt
greatly from improved understanding of soil properties and their
variability as well as vegetation condition, ecology and biodiversity. Recent studies in Australia’s arid region for example, have
called for improved understanding of soil heterogeneity as inputs
for the monitoring of ecology and biodiversity, citing the lack of
spatial resolution as an impediment (Clarke, 2008). Similar inputs
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have been used in other parts of the world to predict vegetation
community distributions (Miller et al., 2002).
Creating these maps and improving the spatial resolution of
existing maps to provide greater detail about soil variability can be
prohibitively expensive by traditional soil survey procedures
(Sumﬂeth and Duttmann, 2007) and can only be justiﬁed for the
most intensive agricultural systems. Pedotransfer functions have
been employed to reduce the expense of intensive soil mapping by
using surrogates that are relatively inexpensive to measure, as well
as to predict less readily measured soil properties. Examples of this
include using soil colour to predict organic carbon content and
using mechanical resistance as an indicator of bulk density and
clay content (McBratney et al., 2002). However effective these
functions are for some applications, pedotransfer functions do not
provide a direct measurement of soil properties nor are they
provided for all soil properties of interest. Information or indicators
for a wider range of soil properties is needed.
In order to overcome the expense of traditional soil survey and
the limitations of pedotransfer functions, researchers are increasingly turning to remote sensing and, in particular, reﬂectance
spectroscopy. This form of earth observation can provide useful
indicators for mapping and monitoring many environmental
features such as geology and minerals (Bower and Rowan, 1996;
Clark, 1999), vegetation and soil (Lewis, 2000; Ben-Dor et al., 2002;
Sumﬂeth and Duttmann, 2007) and even ecological habitats (Tiner,
2004; Bock et al., 2005). With ﬁeld and imaging spectrometers
becoming increasingly sophisticated, there is potential for substantial improvement in the speed, reliability and resolution of soil
analysis. Spectral analysis of soil cores with ﬁeld or laboratory
spectrometers could provide a new means of automated, rapid and
objective proﬁle evaluation, following the approach now being
developed for mineral characterisation of geological cores (Mauger
et al., 2004). In addition, new imaging spectrometers offer the
prospect of detailed raster-based mapping of surface soil properties with higher spatial resolution than is possible with the current
approaches.
2. Spectral reﬂectance variation in soils
Early studies of soil reﬂectance spectra over the visible (Vis, 400–
700 nm), near-infrared (NIR, 1300–1300 nm) and shortwave-infrared1 (SWIR, 700–1300 nm) region described and classiﬁed different
‘curve forms’. For example, Condit (1970) identiﬁed three types of
curves amongst 285 soils from the United States, characterised by
the overall shape of the spectral response and changes in slope over
the wavelength range. However, no attempt was made to explain the
spectral response in relation to physical or chemical properties of the
soils. A more comprehensive study by Stoner and Baumgardner
(1981) described ﬁve curve forms amongst 485 soils from the United
States and Brazil, and also related speciﬁc absorption features to soil
organic carbon and iron oxide content in the soil. However, most of
the more recent research has investigated relationships between the
soil properties and soil reﬂectance with the aim of predicting the
physio-chemical properties of the soil.
The clay mineralogy in soils has been distinguished in several
studies using the short wave infrared (SWIR) region of the
spectrum (1300–2500 nm) (Islam et al., 2003), and especially the
2200 nm absorption feature that is characteristic of clays (Ben-Dor,
2002). Soil texture and clay content have also been estimated from
reﬂectance spectra, based on the depth of speciﬁc clay absorption
features (Ben-Dor and Banin, 1995b) and statistical analysis of the
whole curve form (Brown et al., 2006; Viscarra Rossel et al., 2006).
In a limited study conducted in South Australia, relationships
1
The SWIR is included in the NIR in some disciplines such as chemistry and
reﬂectance spectroscopy.

between soil texture and laboratory and hyperspectral image
spectra from the Barossa Valley region were described (Ryan and
Lewis, 2000, 2001).
Early studies observed that increasing soil organic carbon (SOC)
lowered albedo across the whole visible, shortwave infrared and
near-infrared (Vis–NIR–SWIR) reﬂectance spectrum (Stoner and
Baumgardner, 1981; Henderson et al., 1992). However, there
appears to be a threshold of 2% organic carbon below which the
effect of SOC on soil reﬂectance is greatly reduced (Baumgardner
et al., 1985). SOC has been predicted from various portions of the
Vis–NIR–SWIR largely because it contains so many components.
These components include compounds such as lignin (e.g. 2050
and 2351 nm), cellulose (e.g. 1370, 1725, and 2347 nm), pectin
(e.g. 1320, 1582, 1761, and 2111 nm) and humus (e.g. 1929 and
1932 nm), which are optically active across this spectral region and
are thought to overlap in places (Elvidge, 1990; Ben-Dor et al.,
1997). SOC has been reliably predicted from both laboratory
reﬂectance spectroscopy and image spectroscopy (Ben-Dor et al.,
2002; Daniel et al., 2004). Some studies have focused on the VIS
and NIR regions of the reﬂectance spectra (Krishnan et al., 1980;
Vinogradov, 1981; Daniel et al., 2003; Brown et al., 2006) whereas
others have used the SWIR region to predict SOC (Morra et al.,
1991; Ben-Dor and Banin, 1995b; Viscarra Rossel et al., 2006). An
Australian study was able to predict SOC from reﬂectance
spectroscopy in the spectral range 1702–2052 nm in a simultaneous determination of moisture, organic carbon and total
nitrogen (Dalal and Henry, 1986).
Iron oxide content of soils has been predicted from different
spectral regions of the VIS–NIR–SWIR, based on characteristic
absorption features at 550–650, 750–950 (Ben-Dor and Banin,
1995a) and 1406 and 2449 nm (Ben-Dor et al., 2006). The
concentration of iron oxide as wind blown dust on mangrove
foliage has been predicted using features at wavelengths: 518, 746,
927, 1261, and 1402 nm (Ong et al., 2003). Studies have also found
that SOC as low as 1.7% can severely decrease the inﬂuence of iron
oxide on the reﬂectance spectra in the VIS and NIR regions, and
particularly decrease the deﬁnition of the 900 nm absorption band
(Galvao and Vitorello, 1998).
The detection of soil carbonate in soils is complicated by its
characteristic absorption feature shifting to longer and shorter
wavelengths depending on the impurities present (Ben-Dor et al.,
1999; Clark, 1999). Furthermore, the depths of these spectral
features are dependent not only on the concentrations present but
also on particle size and porosity (van der Meer, 1995). Despite this,
correlations between absorption feature depth and carbonate
concentration have been established (Ben-Dor and Banin, 1990).
Correlations have also been established between carbonate
concentration in soil and reﬂectance spectra based on changes in
colour and albedo (Ben-Dor and Banin, 1995b; Ben-Dor et al., 1999).
The aim of this study was to determine the extent to which highresolution reﬂectance spectra in the visible, near-infrared and
shortwave infrared regions (400–2500 nm) could be used as an
indicator to predict selected surface soil properties. An increasing
number of studies have examined the reﬂectance properties of soils
from temperate, Mediterranean and tropical regions with moderate
to high fertility properties but evidence from low fertility soils is still
sparse. In this study we examine soils from a South Australian region
that has a unique array of proﬁle and landscape characteristics such
as low nutritional content and strong texture contrast proﬁle due to
extensive weathering, low organic matter content and a high
occurrence of salinity and sodicity. The economic and environmental importance of understanding variability in landscapes like
these is becoming increasingly accepted and has been highlighted by
recent research (Lyle and Ostendorf, 2011).
While some previous studies have applied mid-infrared
spectroscopy (2500–25 000 nm) to Australian soils (Janik and
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Fig. 1. Jamestown study site, 200 km north of Adelaide, South Australia. Polygons show Common Soils from the Land and Soil Spatial Data for southern South Australia [Soil
and Land Program, 2007 #570], soil sample sites marked with black dots. The legend describes the soil Order from the Australia Soil Classiﬁcation (in bold) [Isbell, 2002 #316]
as well as the soil description from the Land and Soil Spatial Data for southern South Australia.

Skjemstad, 1995; Dunn et al., 2002), we examine the optical visible
near-infrared range within which airborne and satellite-based
imaging instruments operate (400–2500 nm). The study is a
precursor to hyperspectral image mapping of soils in South
Australian agricultural environments. For this reason, we focussed
on properties that are important determinants of soil agricultural
capability and the extent to which they can be simultaneously
quantiﬁed and predicted from high-resolution reﬂectance spectra.
In addition, we aimed to identify the spectral regions or features
that are most inﬂuential in soil property discrimination, in order to
guide future hyperspectral image enhancement and featureextraction methodologies. Many of the published spectral analyses
of soils have focussed on single soil properties. Here we address the
combined spectral expression of four key properties that are
widely used to assess the agricultural and ecological capability of
soils. Moreover, we examine the proposal that reﬂectance
spectroscopy could be used as a cost effective means to improve
the resolution of soil data for local and regional inventories.
Therefore, we sampled soils to encompass the range of types and
variability in properties that might be encountered in a regional
mapping study. Most prior spectral studies have assembled
collections of soils from geographically disparate areas to provide
a wide range of characteristics for analysis. However, as an
alternative (or complement) to traditional soil survey, the
methodology needs to be able to predict properties within a
limited region where variation is less pronounced. To further
demonstrate the utility of Vis–NIR reﬂectance spectroscopy for
supplementing soil maps, kriging was used to create continuous
raster layers of the predicted soil properties.
3. Methods
3.1. Study site and sample collection
Soil samples were collected from the top 2 cm of 300 randomly
selected sites in the Jamestown, Belalie district, approximately

200 km north of Adelaide, South Australia (Fig. 1) (33.206118 S,
138.206118 E). The northern third of the study site is dominated by
a north-south trending range of hills. A broad valley extends into
the south-eastern part of the study site and is interrupted by
another, smaller north-south ridgeline. Several small ephemeral
creeks also traverse the study site, some originating in the hills to
the north-east and some outside the study area and running
through the valley. Landuse in this area is predominantly rain fed
cereal cropping in the low lying areas and perennial pasture in the
hills.
Soils have been mapped at 1:100 000 by the Department of
Water, Land and Biodiversity Conservation, South Australia (Soil
and Land Program, 2007) and are predominantly Chromosols
(Isbell, 2002), the key proﬁle characteristic being a strong texture
contrast between A and B horizons. These are described as Xeralfs
within the Soil Taxonomy (Soil Survey Staff, 1999). Less widely
distributed soils include Dermosols that have structure in A and B
horizons and a gradational texture proﬁle, Calcarosols that have
carbonate in the proﬁle and Rudosols which include shallow
skeletal soils on rock. Textures of the B horizon are often heavy
clays that are almost invariably underlain by a carbonate-rich clay
horizon. In higher rainfall areas and some of the ranges there are
isolated patches of Kurosols, which are acidic soils with a strong
texture contrast between the A and B horizons.
3.2. Laboratory soil analysis
Proportions of clay were calculated from particle size analyses
using the hydrometer method (Gee and Bauder, 1986; Sheldrick
and Wang, 1993). It should be noted that this methodology
calculates clay fraction as determined by size (<2 mm) and not
mineralogy. Therefore, other ﬁne material (<2 mm) such as iron
oxides and silicates could be measured in this fraction if it is
present in the soil. The calcimeter method (Allison and Moodie,
1982; Nelson and Sommers, 1986) was used to measure the
carbonate concentration in the soil. Organic carbon was deter-
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mined by a modiﬁcation of the Walkley and Black’s titration
method as outlined by Nelson and Sommers (1986). Iron oxide
content was measured by the sodium dithionate-citrate method
(Olson and Roscoe, 1986; Ross and Wang, 1993).
3.3. Reﬂectance spectra
Prior to spectral measurement, soil samples were air dried in an
oven at 60 8C for 72 h and then passed through a 2 mm sieve.
Samples were placed in a Petri dish and screeded so that the entire
surface of the soil sample was level with the rim of the dish, thus
guaranteeing a uniform sample depth of 10 mm and ensuring that
reﬂectance measurements recorded the soil surface and not the
sample background. Soil spectra were collected using a FieldSpec
Pro spectrometer (Analytical Spectral Devices) that measures
reﬂectance in 3–10 nm bandwidths over the range 350–2500 nm.
A high-intensity contact probe was used to optimise incidence and
reﬂectance angles, minimise illumination differences and atmospheric attenuation of the signal and allow for precise identiﬁcation of the area sampled. The quality of the spectral measurements
was reviewed and noisy portions (350–400 nm) of the spectra
were removed prior to analysis. The average of 10 spectra for each
sample was used in subsequent statistical analysis.
3.4. Statistical analysis
The objective of the statistical analysis was to determine
whether the reﬂectance spectra could be used to predict the
chosen soil properties, and to identify the spectral regions
contributing to the prediction. Multiple linear regression is a
common multivariate tool which, at its simplest level, forms a
model that speciﬁes the relationship between a response variable
(Y) and a set of dependent variables (X). However, multiple linear
regression suffers from some signiﬁcant limitations, the most
important being the overﬁtting of data when there are large
numbers of highly correlated variables (signiﬁcantly more than the
number of samples), as is often the case with hyperspectral
reﬂectance measurements. Partial least squares regression was
developed in order to overcome this limitation (Wold et al., 1983;
Otto and Wegscheider, 1985), through the incorporation of aspects
of principal components analysis and multiple linear regression.
More speciﬁcally, partial least squares regression ﬁnds a series of
components or latent vectors that provide a simultaneous
reduction or decomposition of X and Y such that these components
explain, as much as is possible, the covariance between X and Y.
This step approximates principal components analysis, although in
the latter the components only explain variation in X and do not
necessarily have any bearing on Y. This is then followed by
regression where Y is predicted from the reduction of X (Abdi,
2003). The number of latent vectors are chosen by a process of
cross-validation which outputs a root mean square error (RMSE),
with the aim of minimising both the number of latent vectors and
the RMSE. Partial least squares regression has been used previously
over different spectral ranges (Vis–NIR–SWIR–MIR) for the
prediction of soil properties with varying degrees of success (Janik
et al., 1998; Walvoort and McBratney, 2001; McCarty et al., 2002;
Cozzolino and Morón, 2003; Ong et al., 2003).
Statistical analysis was carried out using The Unscrambler
(Camo Software AS). Calibration data was mean centred and crossvalidation was used to determine the minimum number of PLS
factors required. A large proportion of the samples recorded no
carbonate in the laboratory analysis, with the result that the
carbonate distribution amongst the 290 samples was strongly
skewed. To provide a range of values more suitable for statistical
analysis, the data set for carbonate analysis was reduced to 75 by
randomly selecting samples that returned zero carbonate in the

laboratory analysis to include in the statistical analysis along with
all of the samples that contained higher carbonate levels. Crossvalidation was carried out using the ‘leave-out-one’ method where
one sample is systematically left out from each cycle of the
regression until all the samples have been excluded once. With
different sample numbers for each of the soil properties examined,
this method of validation was chosen to provide for a uniform
approach for all of the analyses.
The accuracy of the prediction models was tested with the
residual predictive deviation (RPD) which is the ratio of the
standard error of performance to the standard deviation of the
reference data (Williams, 2004). Interpretation of the RPD differs
amongst authors and applications. However, it is generally
accepted that when applied to the prediction of soil properties
values below 1.5 indicate a poor predictive model, between 1.5 and
2.0 is acceptable and greater than 2.0 is considered good (Chang
et al., 2001; Dunn et al., 2002; Cozzolino and Morón, 2003; Janik
et al., 2007). Values below one are considered inadequate and
indicate that the mean of the observed would be a better predictor
(Williams, 2004).
3.5. Spatial prediction
The kriging function within the spatial prediction program
VESPER (Minasny et al., 2005) was used to create raster surfaces of
the measured and predicted surfaces. Local variograms were used
for clay content, organic matter content and iron oxide content
while low sample density required global variograms were used
for carbonate content. Maps were created with 100 m cell size.
4. Results and discussion
4.1. Soil properties
The percentage of clay in the samples ranged from 5% to 36%
(Table 1), corresponding to textural classes loamy sand, sandy
loam, loam, silty loam, silty clay loam, clay loam and clay
(McDonald and Isbell, 1990). Values for organic carbon were
between 0.3 and 2.9%, carbonate concentrations 0–26% and iron
oxide concentrations in the range 0.8–3%.
4.2. Soil spectral characteristics
The overall form of the spectra for all the soils was quite similar.
Clay (2200 nm) and water (1400 and 1900 nm) absorption features
were present in all spectra while there were differences in the
albedo (intensity) and in the iron oxide (850–900 nm) and
carbonate (2300 nm) spectral features amongst the samples.
Fig. 2 presents mean spectra for each of the quartiles from the
laboratory analysis of clay. The quartiles were determined by
dividing the samples into four groups based on their clay content,
with each group containing 25% of the total range. Noteworthy is
the increasing depth of the absorption features at approximately
1400, 1900 and 2200 nm with increasing clay content. These
absorption features are caused by bending and stretching in the

Table 1
Summary of laboratory results from chemical and physical analysis.

No. of samples
Mean
Std. deviation
Minimum
Maximum

CC clay
content (%)

OC organic
carbon (%)

IO iron
oxide (%)

CO3 carbonate
content (%)

237
16.32
5.42
4.97
35.98

228
1.5
0.53
0.31
2.9

229
1.5
0.37
0.79
3.05

75
2.65
5.37
0.0
25.67
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Fig. 2. Mean spectra of quartiles for percent clay.

O–H bonds of free water (1400 and 1900 nm) and the Al–OH lattice
structure in clay minerals (2200 nm) (Ben-Dor, 2002; Viscarra
Rossel et al., 2006). Illitic and montmorillonitic clays dominate the
study site area and the nature of the spectra supports this, as the
single symmetrical absorption at 2200 nm is diagnostic for these
clays. Other noticeable differences are evident in the VIS and NIR
regions but are likely to be the result of other factors, such as SOC or
iron oxides.
Fig. 3 shows the mean soil spectra of the quartiles from
laboratory analysis for SOC. There is a clear trend with increasing
SOC: the spectra have increased slope around 800 nm and lower
reﬂectance across the 400–2500 nm spectral range, shifts which
have been observed in other studies (Krishnan et al., 1980; Galvao
and Vitorello, 1998). In addition to variation in SOC content,
differences in albedo and the slope between 400 and 800 nm have
been attributed also to the stage of organic carbon (OM)
decomposition (Ben-Dor et al., 1997). The spectra here show
increased absorption depth at 2327 and 2357 nm, features which
have been attributed to differences in the OM composition (BenDor et al., 1997). Although not investigated here, soils with a higher
vegetative load will contain SOC over a range of decomposition
stages.
Fig. 4 depicts the mean spectra for the quartiles of carbonate
content. The carbonate absorption features were slight and limited
to one spectral region (2325 nm). Although this appears to be the
only spectral expression of carbonate in our samples, previous
studies have used a range of wavelengths (1800, 2350, and
2360 nm) to predict calcite in soils (Ben-Dor and Banin, 1990).
Other spectral variations amongst our samples can only be
attributed to other soil properties. The iron oxide quartiles in
Fig. 5 demonstrate increasing deﬁnition of the iron oxide features
in the VIS–NIR. As the iron oxide concentration increases, there is
an increase in depth of absorption from 400 to 550 nm and in the
broad feature at 900 nm indicating that goethite dominates the
samples rather than hematite.

Fig. 3. Mean spectra of quartiles for soil organic carbon.
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Fig. 4. Mean spectra of quartiles for carbonate concentration.

Fig. 5. Mean spectra of quartiles for iron oxide content.

4.3. Prediction of soil properties
Table 2 presents the efﬁciency criterion (E), root mean square
error (RMSE) and regression coefﬁcients (R2) obtained from each
partial least squares analysis. The ﬁrst two PLS loading weights for
each analysis in Figs. 6–9 demonstrate the relative importance of
spectral regions in the prediction of each of the soil properties.
Negative peaks in the loading weight graphs indicate spectral
regions that correlate positively with the prediction and positive
peaks are those areas that correlate negatively with the prediction.
With 10 prediction factors or latent vectors selected for the
analysis (Table 2), 66% of the variation in clay content was
explained by the partial least squares regression model, returning a
RMSE of 3.13. An RPD of 2.0 indicates that the prediction was
acceptable and substantially better predictor than the mean of the
observed clay contents. In Fig. 6 the ﬁrst loading weight (PC1) is
dominated by the clay absorption feature at 2200 nm and the
features at 1400 and 1900 nm. These three features are all related
to the bending and stretching of O–H bonds in the lattice minerals
and water molecules, directly and indirectly associated with the
clay minerals. The 2200 nm region is speciﬁcally related to the
symmetric absorption feature that is diagnostic of the illite and

Fig. 6. Spectral loading weight graph for the prediction of clay content.
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Table 2
Sample numbers, residual predictive deviation (RPD), root mean square error
(RMSE) and R2 results for data sets.

Fig. 7. Spectral loading weight graph for the prediction of soil organic carbon
content.

Fig. 8. Spectral loading weight graph for the prediction of carbonate content.

Fig. 9. Spectral loading weight graph for the prediction of iron oxide content.

montmorillonite that dominate the clays in these soils. For all these
spectral regions, increasing clay content would result in more
pronounced absorption features. These spectral regions were also
discriminants for ﬁeld textural classes in soils from the same
geographic region (Summers et al., 2005). The second loading
weight was dominated by the visible (400–700 nm) and a portion
of near-infrared region (700–1300 nm) with some contribution
from the same regions as observed in the ﬁrst loading weight. The
importance of the visible spectral range in this result indicates that
there may be some co-variation between the clay content and the
colour of the soil. There is also a strong inﬂuence in the ﬁrst and
second loading weights, starting at 2300 nm and increasing in
contribution through to 2500 nm. This is the initial stages of a
water absorption feature that continues out of range to 2800 nm.
The analysis explained 57% of the variation (Table 2) in SOC
using 8 prediction factors with an RMSE of 0.35. The RPD value of
1.8 is evidence of an acceptable model although it could be
improved with different calibration strategies (Chang et al., 2001).
The ﬁrst loading weight was dominated by a relatively broad
region extending from 550 in the visible to 1000 nm in the NIR,
with a maximum contribution near 700 nm (Fig. 7). Increased SOC
generally produces visibly darker soils and it is likely that this
contributed to the prediction here. The second loading weight is
dominated by a couple of peaks at 2100 and 2300 nm. Other

Soil property

Samples (n)

Factors

RPD

RMSE (%)

R2

CC (%)
OC (%)
IO (%)
CO3 (%)

237
228
229
75

10
8
10
5

2.0
1.8
1.7
2.1

3.13
0.35
0.23
2.90

0.66
0.57
0.61
0.69

studies have found these spectral regions to be associated with
lignin and humic acids and important in the prediction of SOC
(Ben-Dor et al., 1997).
Substantially fewer samples were available for the carbonate
analysis than for the other soil properties (Table 1), but the
coefﬁcient of determination was the highest for all the soil
properties in the study (0.69) using 5 prediction factors (Table 2).
The analysis also returned an acceptable RPD value (2.1) and a
reasonable RMSE (2.9) (Table 2). The ﬁrst loading weight (Fig. 8) is
dominated by a peak at 2300 nm which is directly associated with
carbonate in reﬂectance spectra. There is also some inﬂuence from
a peak at 1900 nm that extends into a ‘plateau’ to around 2100 nm.
The second loading weight shows a broad peak from 600 to
1100 nm indicating some inﬂuence from red visible wavelengths
to the near-infrared range. A previous study of a similar set of soils
also found that the visible region contributed to discrimination of
carbonate classes but that the discrimination was dominated by
absorption features associated with water (1900 nm), clay
(2200 nm) and carbonate (2300 nm) (Summers et al., 2005).
The prediction of iron oxide explained 61% of the variability in
the samples using 10 prediction factors with an RMSE of 0.23
(Table 2). The RPD value was 1.7, which is the lowest of all the soil
properties examined in this study although still within the
acceptable range. The ﬁrst loading weight (Fig. 9) shows the
range from 400 to 1100 nm to be most inﬂuential in the prediction.
Within this range there are two maximum ‘peaks’ one at 550 and
one at 900 nm, both regions associated with spectral characteristics of iron oxide species. The second loading weight is dominated
by a portion (400–550 nm) of the visible range, associated with the
blue and green, and peaks at 1900, 2200, and 2300 nm, associated
with water, clay and carbonate respectively.
4.4. Mapping of predicted soil properties
The kriged geographic distributions of the measured and
predicted soil properties are displayed in Fig. 10. Comparison
between the measured and predicted soil properties demonstrate
similar patterns and value ranges for the soil properties examined.
The two maps of clay content show lower values in the hills
towards the north-east and in the sandy soils of the south-west
although overall the area has limited variability. The most
substantial difference between the two maps is in the centre
where the predicted map demonstrates less variability. Organic
carbon shows the greatest variation between the measured and
predicted maps of all of the soil properties examined. However
despite that, the overall pattern between the two maps is
consistent. In both maps organic carbon content is lower in the
valley areas which are dominated by cropping, while in the hills,
which are predominantly pasture, there is a build up of organic
carbon. The small band of sandy soils in the south-east has
unexpectedly high organic carbon contents although this too could
be the product of the pasture and forestry landuse in that area.
There are some minor differences between the measured and
predicted carbonate maps, however the same trend is evident in
both. The central portion of each map shows higher carbonate
contents, particularly along the southern edge. Both the measured
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Fig. 10. Geographic distribution of predicted soil properties.

and predicted carbonate maps correspond well with polygons
classed as calcareous within the Land and Soil Spatial Data (Fig. 1).
The iron oxide maps show a good match between the measured
and predicted soil properties, each demonstrating the same
pattern and with a few small differences in the centre of the
map. The area is dominated by red-brown earths and predicted
iron oxide content reﬂects this with a relatively high and even
distribution across the study site. The lower iron oxide levels in the
south-west corner are associated with the small band of sandy
soils found there.

5. Conclusions
Visible–near-infrared reﬂectance spectra collected under controlled laboratory conditions were employed as an indicator for the
prediction of selected soil properties. Partial least squares
regression overcame the collinearity problems associated with
large numbers of highly correlated variables and relatively small
sample numbers. We have shown that it is possible to predict clay
content, soil organic carbon, iron oxide content and carbonate
content from reﬂectance data produced with a high-resolution
laboratory spectrometer. Furthermore, all of the samples were
collected from the same geographical area in order to test
prediction of soil properties over a naturally occurring range
and provide a prediction that can be related to a regional image
analysis. The predicted soil properties have also been examined
geographically in relation to existing soil maps with some
discussion of how they relate to the landscape and the usefulness
of the method in future soil mapping projects. However, it should

be noted that recalibration of PLS predictive functions would be
required for different soil types and mineralogy.
Carbonate and clay content were best predicted followed by
iron oxide and organic carbon. Validation R2 for all analyses was
above 0.5 and the RPD was acceptable for all soil properties. We
showed the utility of particular regions of the 400–2500 nm
spectrum for prediction of clay content (1900 and 2200 nm), SOC
(600–900 nm), iron oxides (400–1100 nm) and carbonate (1900–
2300 nm). This demonstrates the ability to use this methodology as
an indicator for rapid and reliable soil mapping. Laboratory
analysis of soil samples in support of traditional survey methods
are expensive and time consuming. Field and laboratory measurement potentially offers a rapid, cost effective method for prediction
of soil properties. Such studies could also be expanded to include
the analysis of whole proﬁles and provide a more comprehensive
understanding of the solum. Moreover, the results from this study
can inform subsequent image studies which would allow the
application of similar and related methodologies to spatially
continuous remotely sensed imagery. However, further studies on
different soils are required to conﬁrm the efﬁciency of these
predictors as indicators of soil properties and variability.
The Land and Soil Spatial Data in this region is produced at a
relatively broad scale (1:100 000) and soil units are depicted with
discrete polygons units. This provides a valuable regional planning
tool but lacks the spatial resolution for ﬁner scale applications. For
example, the soil properties represented in any one polygon are, in
some cases, only 50% reliable (Soil and Land Program, 2007). This is
largely the result of scale and the absence of soil variability
depiction within polygons. The predictions of soil properties show
that reﬂectance spectroscopy could be used to improve the spatial
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resolution of soil inventories such as these. Furthermore, we have
demonstrated how simple kriging can be used to create a raster
maps of the predicted soil properties and that these maps are
comparable to the measured soil properties. It should be noted that
there is room to improve the prediction accuracy of the reﬂectance
spectroscopy in this study and achieving higher accuracy would
beneﬁt any soil survey carried out with these techniques. However,
the improved spatial resolution available from greater sampling
density at reduced costs could counteract some of the expected
error.
While this study examines only surface soils, the spectral
methodology would need to be extended to the proﬁle to fully
supplement traditional soil survey. Vis–NIR reﬂectance spectroscopy has been successfully used to catalogue and classify
geological cores and in situ soil proﬁles (Mauger et al., 2004;
Ben-Dor et al., 2008) and a combination of those techniques with
the ones used here could provide a new methodology for complete
description of the soil proﬁle. These combined methodologies
could be used to supplement traditional soil survey with the aim of
improving the resolution of current soil mapping programs and to
expand soil mapping to areas that are currently excluded due to
economic imperatives such as arid and pastoral zones. It is also
possible that the sampling density could be increased to the point
where raster-based maps could be produced at reliably ﬁne scales.
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