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Abstract
The possibility of quantifying iron content in the topsoil of the slopes of the El Hacho Mountain complex in Southern Spain
using imaging spectroscopy is investigated. Laboratory, field and airborne spectrometer (ROSIS) data are acquired, in combination
with soil samples, which are analysed for dithionite extractable iron (Fed) content. Analysis of the properties of two iron related
absorption features present in laboratory spectra demonstrates good relations, especially between the standard deviation (S.D.) of
the values in an absorption feature and the Fed content (R2 = 0.67) as well as the ratio based Redness Index (R2 = 0.51). Such derived
relations are less strong for the ROSIS data (R2 for S.D. = 0.26 and R2 for Redness Index = 0.22). The spatial distribution of iron in
vegetated areas shows a strong sensitivity of these relations with the presence of vegetation. A combination of both methods shows
that the overestimation of the Fed content with the one method is (partly) compensated by the underestimation with the other
method.
# 2006 Elsevier B.V. All rights reserved.
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1. Introduction
The slopes of El Hacho Mountain near Álora in
Southern Spain show a large variety in iron content. El
Hacho is composed of materials derived from tertiary
marls and sands, deposited on a continental slope,
which are indicated with the generic term flysch
deposits (Fig. 1). On top of El Hacho thick cemented
deposits of sand and gravel (conglomerate) occur
(Buurman, 1999). Blocks of this conglomerate are now
scattered over the flysch slope, where Cambisols are
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formed. Below these blocks unweathered flysch is
exposed. Iron content is varying with the distance down
slope from these blocks, due to erosion, iron deposition
processes and leaching. The spatial heterogeneity of the
iron distribution is further increased due to presence of
gullies. Hematite is the major iron bearing mineral in
the area, while some goethite may occasionally be
present behind the conglomerate blocks (Buurman,
2005).
Iron (Fe) is one of the most common minerals
contained in soils (Hunt, 1980). It is an indicator for the
fertility of the soil, the usability of an area to cultivate
specific crops and an indicator of the age of the deposits
(Torrent et al., 1980; Gardner and Pye, 1981; Blount
et al., 1990). Determining the spatial distribution of
different types of iron with traditional fieldwork and
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Fig. 1. Geologic map of Álora and surroundings. The study area (corresponding with Fig. 9) is located west of Álora and delineated with the square.
Coordinates are in UTM, zone 30 N, NAD27.

laboratory analysis is time-consuming and expensive
(Liang, 2004). Remote sensing has proven to be a useful
tool to determine the presence of iron in extended areas
and various research fields (Escadafal, 1993; Farrand,
1997; Palacios-Orueta et al., 1999; Warell, 2003).
Quantification of the amount of iron contained in soils
using spectral measurements has proven to be feasible
(Torrent et al., 1983; Coyne et al., 1989; Ben-Dor and
Banin, 1990), and is focusing on laboratory or field
spectra and specific soil types (Dematte, 2002).
Presently, technical improvements allow mapping using
higher spectral and spatial resolution imaging spectrometers with better signal to noise ratios (Dematte et al.,
2004). The need for relatively high spectral resolution
data to determine iron content using reflectance spectra
has been extensively discussed in Ben-Dor et al. (1999).
We propose to use for the El Hacho area imaging
spectrometer data for mapping iron quantity. In addition
to the analysis of the reflective optics system imaging
spectrometer (ROSIS) imagery, field spectra and
laboratory spectra are acquired and analysed. The
influence of iron on the spectral signature in the
wavelength range covered by ROSIS (416.9–872.9 nm)
has been discussed in literature extensively (e.g., Hunt
and Salisbury, 1970; Stoner and Baumgardner, 1981;
Ben-Dor et al., 1999; Bullard and White, 2002).
This study focuses on the determination of the soil
iron content in fractionally covered olive fields, where

the ploughing, weeding and a distance of 6 m between
the trees results in a substantial amount of bare soil
surface in the 2 m  2 m ground projected instantaneous field of view (GIFOV) of the ROSIS images.
Zarco-Tejada et al. (2004) performed research on
olive fields too, focusing on eliminating the influence
of soil by deriving plant parameters of olive trees.
However, in this study the analysis of absorption
features was used to estimate iron content, using
regression analysis, considering the influence of
vegetated areas. Fig. 2 gives an impression of the
study area.

Fig. 2. Impression of the study area.
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2. Methodology

instead of using uninformative phase designations, as
suggested by Borggaard (1988).

2.1. Soil sampling and analysis
2.2. Field and laboratory spectra
In June 2003, 35 bare soil plots, of 2 m  2 m size,
were sampled and measured for iron content. The
sample locations were positioned in two down slope
transects and cover the full iron variation within these
slopes (Fig. 3). Fractional cover of soil, rocks and
litter was determined in each plot and a soil sample of
the topsoil (first 2 cm) within the plot was collected
for determination of iron content and laboratory
spectroscopy.
The dithionite extractable iron (Fed) concentration of
all 35 soil samples was determined using a dithionite
extraction as described in Raiswell et al. (1994). An
oxalate extraction was used to determine the concentration of oxalate extractable iron (Feo). The concentration of iron in the extraction fluids was determined
with an inductively coupled plasma atomic emission
spectrometer (ICP-AES). In literature, Fed is often
referred to with the term free iron; however, terminology is not uniform in this sense. Therefore, we refer to
the Fe content by the name of the extraction technique

Field and laboratory spectra were acquired using an
ASD Fieldspec Pro FR spectroradiometer, covering the
350–2500 nm wavelength region. Four reflectance
measurements per plot usually were taken in the
corners to estimate the full spectral variability within a
plot. The aperture angle of the fore optics of the
spectrometer was 258 and measurements were taken
from nadir, at a distance of about 30 cm from the
surface, resulting in a circular Ground projected Field of
View of 13 cm diameter. The soil samples used for the
laboratory spectral analysis were air-dried and sieved
(<2 mm). The incidence angle of the irradiance source
is set to 308 off nadir and a 38 fore optic is used at a
30 cm distance from the target, resulting in a circular
Ground projected Field of View of 3 cm diameter. The
sample was rotated in steps of 908, resulting in four
measurements per sample.
Uncalibrated white spectralon panels were used for
the field and laboratory measurements, resulting in

Fig. 3. Distribution of the 35 iron sample points within the El Hacho study area. NDVI values are calculated from the ROSIS image. The isolines
represent the altitude in meters. Coordinates are in UTM, zone 30 N, NAD27.
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relative reflectance values. The four measurements
per plot were compared, deviating measurements
were removed when necessary, and the remaining
spectra were averaged. This was done for both field
and laboratory spectra separately. For further analysis
the relative reflectance field and laboratory spectra
were limited to, and rescaled to the bandwidth of
ROSIS.

Table 1
Band numbers corresponding with the wavelength ranges used in the
calculation of the Redness Index

2.3. Image data

presence of iron. The next step was the calculation of
the Redness Index. This method uses the reflectance
properties in the visible part of the spectrum and is used
as indicator for iron and was among others used by
Bullard and White (2002): Redness = R600–700 nm/
(R600–700 nm + R500–600 nm + R400–500 nm) in which
R = reflectance. Bands in these spectral ranges were
averaged; corresponding band numbers are given in
Table 1.
Continuum-removal (Green and Craig, 1985)
between 424.9 and 872.9 nm was applied on the field,
laboratory and ROSIS spectra. The minimum, average
and median values were calculated of the continuumremoved spectra. Absorption feature properties used
during analysis were depth, width, area and standard
deviation of dips. The width of the dip is defined as the
wavelength distance between the maximum values on
both sides of the dip, after continuum removal. The
depth of the absorption feature is the maximum distance
of the spectrum to the continuum. Summing these
distances over the width of the dip results in the area of
the dip (Grove et al., 1992). Furthermore, the standard
deviation (S.D.) of the continuum-removed values for
each dip was calculated.
As a next step, the linear correlation between the
spectral features and both types of iron was calculated
on both the training and reference points. All presented
R2 values have a significance level of 0.95. Prediction
of the iron content was done using the regression
functions and is expressed in standard error of
calibration (SEC) values. Next, cross-validation
between the training and reference set was carried
out, expressed with standard error of performance
(SEP) values. Predictions were done with the relations
based on the corresponding spectral dataset, since the
use of different reference panels does not allow
interchanging the relationships between different
spectral datasets. The difference between the predicted
and the actual measured iron content is expressed in
mass percent iron.
Since the relations are only valid for bare soil the
variance of the predictive value related to fractional
vegetation cover was tested. Linear mixing of a bare soil

Airborne imaging spectrometer data were collected
in June 2001, during the DAISEX campaign (Berger
et al., 2001). ROSIS was built for the detection of
absorption features especially in coastal and inland
waters (Gege et al., 1998), but it is also used for land
applications (Holzwarth et al., 2003). During this
overflight of El Hacho, ROSIS recorded data in 115
spectral bands, ranging from 416.9 to 872.9 nm, with a
bandwidth of approximately 4 nm and a 4 nm
sampling interval. The operating altitude of the
aircraft was at flight level 120 (corresponding to
3510 m above ground), resulting in a pixel size of
2 m  2 m. ROSIS images were calibrated and
converted to reflectance values by the operator
(DLR), using the PARGE/ATCOR model (Schläpfer
and Richter, 2002). Quality analysis of ROSIS resulted
in the exclusion of band 1 (416.9 nm) and 2
(420.9 nm), because of the low signal to noise ratio.
A DEM with a resolution of 25 m in x- and y-direction
and 1 m in z-direction was used for orthorectification.
The use of a handheld GPS for determination of the
location of the sample plots appeared to be inaccurate.
Therefore, the positioning of the plots on the ROSIS
image was done visually, which can be done up to 1–
2 pixels accurately, using clearly recognisable objects
in the image like olive trees. In this way correct
spectral information was achieved for the sampling
points.
2.4. Processing of spectral data
The plots were divided in a training set (19 plots) and
a reference set (16 plots), to allow cross-validation of
the results. The plots were divided in such way that both
sets show a similar range in iron content variation along
locations down the slope. The distribution of training
and reference points is indicated in Fig. 3.
First, direct correlation of the reflectance values in all
individual bands with the iron content was performed,
for field, laboratory and ROSIS spectra. This reveals the
spectral regions that are directly influenced by the

Wavelength (nm)

Bandnumbers
ROSIS and resampled ASD spectra

Blue: 400–500
Green: 500–600
Red: 600–700

Band 3–21 (424.9–496.9 nm)
Band 22–46 (500.9–596.9 nm)
Band 47–71 (600.9–696.9 nm)
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laboratory spectrum and an olive tree field spectrum
with different fractions was done to set a threshold of
vegetation on the iron content prediction. Both spectra
were linearly mixed representing a fractional vegetation
cover up to 30%. The iron content of the fractionally
covered pixels was predicted using the regression
function based on the training set of the laboratory
spectra.
Prediction of the iron content with the Redness
Index should underestimate the amount of Fed when the
fractional vegetation cover increases, because of the
decrease of the red reflectance and thus a lowering of
the Redness Index. An overestimation of the iron
content is expected when the area or standard deviation
of the absorption features of continuum-removed
spectra is used. This is a result of the decrease of
reflectance in the visible wavelengths and an increase in
near infrared reflectance, which leads to a larger
absorption feature and higher S.D. and area. A
combination of both methods may result in a better
prediction of the Fed content; therefore this was also
tested.
Finally, the technique, which yields the best
prediction results and is least influenced by vegetation
was used to create a spatial iron distribution map. For
this purpose fractional vegetation cover was determined
using spectral mixture analysis (SMA) (Smith et al.,
1985), after which pixels with a fractional vegetation
cover of more than 30% were masked out. As a
preparatory step for SMA, minimum noise fraction
(MNF) rotation (Green et al., 1988) was used to destripe the ROSIS image and smooth the spectral
response. The iron content of the masked out areas
was interpolated from the surrounding pixels using
inversed distance weighted (IDW) interpolation (Watson and Philip, 1985).

3.2. Spectra
The spectral curves show a number of features
related to iron (Fig. 4). Absorption features are found
from about 350–600 nm (further referred to as: D550),

3. Results and discussion
3.1. Soil chemical analysis
The Fed concentration of the samples varies between
7 and 20%. Although these high concentrations are not
common, more soils in Andalucia show this range of
iron concentrations (De la Rosa et al., 1984). The
amount of Feo is low in most samples (1.4% at highest)
and correlations with reflectance are low (R2lab ¼ 0:36 at
highest). Therefore only correlations with Fed concentration are used in the further analysis and presented in
this paper. The moisture content of the soil samples was
below 1% in all samples, so its effect on the reflectance
can be neglected.

Fig. 4. Spectral signatures from laboratory, field and ROSIS measurements with three different Fed contents.
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and from about 850–970 nm (further referred to as:
D870). D550 represents the increase from blue to red and
indicates that hematite is the main iron bearing mineral
in the study area (Ben-Dor et al., 1999). This absorption
feature is related to iron in its ferrous form (Fe2+) and is
the result of large absorption in the ultraviolet (UV),
which is related to charge transfer transitions between
iron and oxygen (Goetz, 1989). It also influences the
visible part of the spectrum, since it has a strong wing to
the visible wavelengths (Hunt, 1980). Besides these two
dips more absorption features exist in this part of the
spectrum as is extensively described by Ben-Dor et al.
(1999). The effect is an overall decrease in reflectance
when the iron content increases, as can be seen in Fig. 4.
Continuum removal shows D550 at the lower
wavelengths. The strong absorption of iron ranges
from the UV to approximately 700 nm, which
corresponds with the high correlation values from the
original spectra. A smaller dip, which was not visible in
the reflectance spectra, is revealed around 640 nm after
continuum removal (Fig. 5), which is also related to the
presence of iron (Obukhov and Orlov, 1964). Because of
the wide range of the absorption in the UV, this feature
became part of D550. The area of D870, which is related to
iron in its ferric form (Fe3+) cannot be calculated, because
this absorption feature ranges beyond the spectral range
used in this study. Continuum removal applied on the
incomplete dip may lead to undesired results.
The selection of sample plots with the same size as
an individual pixel may result in indistinctness when
identifying the reflectance properties of the image.
Ideally, one should take a plot size of at least 3  3 times
the pixel size, but the spatial distribution of olive trees in
the area does not leave enough bare soil in between the
trees to match this criterion. As a result, the selected
ROSIS spectra may be influenced by vegetation. For
this reason, the influence of vegetation on the reliability
of iron prediction is tested and discussed later on.

Fig. 5. Continuum-removed field spectra with three different Fed
contents.
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Fig. 6. Correlation coefficients between reflectance values and Fed
content.

3.3. Correlation of reflectance with iron
Direct correlation of the Fed content with the
reflectance values gives high correlations ðR2lab ¼ 0:71Þ
for the laboratory spectra. Highest R2-values occur at
lower wavelengths, up to 600 nm. The field spectra show
a medium correlation ðR2field ¼ 0:48Þ at lower wavelengths too. Goetz (1989) reports that this absorption is
indeed due to the presence of iron. As expected, the
correlations for the laboratory spectra are much higher
than the correlations for field spectra (Fig. 6). Stable
measuring conditions and samples, which are dried and
sieved, improve the results. Correlation with the ROSIS
spectra shows comparable results ðR2ROSIS ¼ 0:5Þ, but the
highest values occur near 650 nm.
3.4. Correlation of reflectance properties with iron
The Redness Index gave medium correlating results
with Fed. Field and laboratory spectra showed some
correlation (R2lab ¼ 0:51 and R2field ¼ 0:48), but ratios
calculated with the ROSIS spectra showed only little
correlation with the iron content ðR2ROSIS ¼ 0:22Þ.
Correlations between Fed and the continuumremoved values resulted in high negative correlations

Fig. 7. Correlation coefficients between continuum-removed values
and Fed content.
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Table 2
Correlation coefficients between absorption feature properties and Fed content
Field spectra

Redness Index
Area of D550
S.D. after continuum-removal
Average after continuum-removal

Laboratory spectra

ROSIS spectra

Training set

Reference set

Training set

Reference set

Training set

Reference set

0.27
0.29
0.29
0.29

0.51
0.55
0.55
0.56

0.48
0.36
0.40
0.35

0.44
0.65
0.67
0.66

0.22
0.16
0.19
0.17

0.10
0.26
0.26
0.27

Values are given in R2.

for field- and laboratory spectra from the UV to 600 nm
(R2lab ¼ 0:78 and R2field ¼ 0:56) (Fig. 7). This range
corresponds with D550 again. The relation between
continuum-removed ROSIS spectra and iron is again
less strong ðR2ROSIS ¼ 0:35Þ.
Higher absorption in the beginning of the spectrum is
also reflected in a positive correlation between the area
of D550 and the Fed content ðR2lab ¼ 0:65Þ. The width of
the dip shows a positive correlation too, but the
correlation is weaker ðR2lab ¼ 0:41Þ.
Calculating statistics from the full range of
continuum-removed values shows the most stable
results over all datasets (Table 2). The average value
after continuum removal correlated negatively with the
Fed content ðR2lab ¼ 0:66Þ. The S.D. resulted in slightly
higher, but positive correlations ðR2lab ¼ 0:67Þ. The S.D.
of the continuum-removed values combines the effect
of the width, depth and area of the dip, which are all
highly correlated. When D550 is deeper or wider the
S.D. after continuum removal increases. The area of the
dip is highly related to an increase of the width and
depth, thus it has the same effect on the S.D. An
overview of the correlations is given in Table 2. ROSIS
spectra show lower correlations than laboratory and
field spectra, independent of the analysis.

and vice versa. SEC and SEP values for three methods,
Redness Index, S.D. and area of D550, are given in
Table 3. When laboratory or field spectra are used for
Fed prediction, SEC and SEP values are between 2.66
and 4.95 where Fed varies between 7 and 20%. Using
the S.D. after continuum removal gave better results
than the Redness Index, but differences are small. Fed
prediction with ROSIS spectra gave less good results
and SEC and SEP values vary between 4.38 and 11.39.
The best results with this dataset are gained with S.D.,
giving SEP-values of 5.79 and 7.71 (Table 3).
The training set shows structurally lower correlation
values and prediction results than the reference set. A
closer inspection shows this is caused by point A03,
which is located on top of one of the sliding blocks.
Removing it increases R2-values (R2field using S.D.
increases from 0.29 to 0.53) and decreases the SEC and
SEP of the training set (SECfield using S.D. decreased
from 4.9 to 3.5 and SEPfield using S.D. decreased from
3.5 to 2.6). Although the point is identified as an outlier
there is no physical reason to remove it from the dataset.
Therefore, we decided to leave it in.
3.6. Effect of vegetation on iron prediction
All presented relations are based on bare soil spectra.
To simulate varying fractional vegetation cover a bare
soil laboratory spectrum and an olive tree spectrum
measured under field conditions are linearly mixed.
When using the Redness Index or the S.D. a 15%
vegetation fraction (NDVI = 0.43) results in a 2.8%

3.5. Prediction of iron content
Predictions of the iron content are made with the
established regression functions. The regression functions of the training set are applied on the reference set
Table 3
SEC and SEP values of Fed determination for three spectral datasets
Field spectra

Redness Index
Area of D550
S.D. after continuum-removal

Laboratory spectra

ROSIS spectra

Training set

Reference set

Training set

Reference set

Training set

Reference set

SEC

SEP

SEC

SEP

SEC

SEP

SEC

SEP

SEC

SEP

SEC

SEP

5.22
4.96
4.95

5.12
4.81
4.88

3.67
3.42
3.40

3.86
3.57
3.50

3.29
4.18
3.81

5.01
3.92
3.98

4.20
2.78
2.66

3.19
3.21
2.59

4.38
7.26
6.43

10.59
5.73
5.79

11.39
6.41
6.39

4.97
9.08
7.71

Fed values of the training and reference plots ranges between 7 and 20%.

H. Bartholomeus et al. / International Journal of Applied Earth Observation and Geoinformation 9 (2007) 194–203

Fig. 8. Error in Fed prediction in mass percent iron, related to fractional
vegetation cover. The error is calculated as Fepredicted  Femeasured.

difference in predicted iron content. When the fractional
vegetation cover is 20%, this difference is already more
than 6%. This effect is much stronger when the area of
D550 is used to predict Fed. When using the Redness
Index at higher vegetation cover, the iron prediction
shows a structural underestimation. Vegetation effects
lead to a lower reflectance in the red part of the
spectrum, while the reflectance in the green wavelengths shows a relative increase. Therefore, the
Redness Index will always underestimate the iron
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content when the regression is established on bare soil
and applied to partially vegetated spectra. The S.D. after
continuum removal shows a comparable deviation, but
results in an overestimation of the iron content. The
reflectance in the NIR increases, while the reflectance in
the VIS decreases, if influence of vegetation is present.
This increases the size of the absorption dip in the
visible part of the spectrum. Using the area of D550 to
predict the iron content in the partially vegetated areas
is much more sensitive to fractional vegetation cover
and therefore less useful in this study area.
In this simulation a combination of the Redness Index
and the S.D. after continuum removal creates a valuable
approach to use in partially vegetated areas. Both indices
predict the iron content accurately up to 5% vegetation
cover. At a higher vegetation cover the average of both
iron prediction results is taken, which leads to a much
lower decrease in prediction accuracy, as is shown in
Fig. 8. The combination of both methods could allow an
acceptable iron determination even in partially vegetated
areas and reduces the decrease in prediction accuracy due
to mixed pixels or adjacency effects.

Fig. 9. Fed spatial distribution map, based on ROSIS imagery. First a linear unmixing of the MNF de-striped image was done to determine the
fractional vegetation cover. Next all areas with a vegetation cover of >30% were masked out. For all remaining areas the Fed content was calculated
with the average of the S.D. after continuum removal and the Redness Index and using the regression functions based on the ROSIS spectra of the
training plots. The Fed content of the masked out pixels is determined using inversed distance weighted interpolation.
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Finally a Fed spatial distribution map is created.
First, a linear unmixing of the MNF de-striped image
was done to determine fractional vegetation cover.
Next all areas with a vegetation cover of >30% were
masked out. For all remaining areas the Fed content
was calculated with the average of the S.D. after
continuum removal and the Redness Index, using the
regression functions based on the ROSIS spectra of the
training plots. The Fed content of the masked out
pixels is determined using IDW interpolation with
power 2 and using the 12 nearest points in the
calculation. The resulting Fed spatial distribution map
is shown in Fig. 9.
4. Conclusions
The spectral range from UV to NIR, covered by
ROSIS, is suitable for quantification of Fed content, as
shown in this study. The S.D. of a continuum-removed
spectrum in the VIS and NIR part of the spectrum, the
area of the absorption dip around 550 nm and the
Redness Index give comparable results. The area of the
absorption dip around 550 nm is much more sensitive to
the influence of vegetation on the spectral response than
the Redness Index or the S.D. of the continuumremoved spectrum. Combining the iron predictions of
two methods, Redness Index and the S.D. after
continuum removal, allows more accurate iron prediction in partially vegetated areas.
Acknowledgements
We would like to thank Kees Klawer from Utrecht
University for support in the laboratory analysis of the
soil samples. The reviewers are acknowledged for
helpful comments on the manuscripts. We acknowledge
the use of the spectrometers from the Meetkundige
Dienst Rijkswaterstaat and Radboud University Nijmegen.
References
Ben-Dor, E., Banin, A., 1990. Diffuse reflectance spectra of smectite
minerals in the near infrared and their relation to chemical
composition. Sci. Geol. Bull. 43 (2–4), 117–128.
Ben-Dor, E., Irons, J.R., Epema, G.F., 1999. Soil reflectance. In:
Rencz, A.N. (Ed.), Remote Sensing for the Earth Sciences:
Manual of Remote Sensing. John Wiley & Sons Inc., New
York, pp. 111–188.
Berger, M., Rast, M., Wursteisen, P., Attema, E., Moreno, J.,
Mueller, A., Beisl, U., Richter, R., Schaepman, M., Strub, G.,
Stoll, M.P., Nerry, F., Leroy, M.E., 2001. The DAISEX campaigns in support of a future land-surface-processes mission.
ESA Bull. 105, 101–111.

Blount, G., Smith, M.O., Adams, J.B., Greeley, R.C.P., 1990. Regional
Aeolian dynamics and sand mixing in the Grab Desierto: Evidence
from Landsat Thematic Mapper Images. J. Geophys. Res. 95,
15463–15482.
Borggaard, O.K., 1988. Phase identification by selective dissolution
techniques. In: Stucki, J.W., Goodman, B.A., Schwertmann, U.
(Eds.), Iron in Soils and Clay Minerals. D. Reidel Publishing
Company, Dordrecht, pp. 83–98.
Bullard, J.E., White, K., 2002. Quantifying iron oxide coatings on
dune sands using spectrometric measurements: an example from
the Simpson-Strzelecki Desert, Australia. J. Geophys. Res. B: Sol.
Earth 107, 1–5.
Buurman, 2005. Personal Communication.
Buurman, P., 1999. Introduction to the interdisciplinary practical
sustainable land use in the Alora region. In: Practical Manual,
Wageningen University, Spain.
Coyne, L.M., Bishop, J.L., Sacttergood, T., Banin, A., Carle, G.,
Orenberg, J., 1989. Near-infrared correlation spectroscopy: quantifying iron and surface water in series of variably cationexchanged montmorillonite clays. In: Coyne, L.M., McKeever,
S.W.S., Blake, D.F., (Eds.), Proceedings of the Spectroscopic
characterization of Minerals and Their Surfaces, ACS Symposium, Ser. 415, Washington, 407-429.
De la Rosa, D., Banos, C., Mudarra, J.L., Barahona, E., Moreira, J.M.,
Gago, R., Puertas, J.M. Ramos, A., 1984. Catálogo de suelos de
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