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Introduction

Soil is essential for the development of a wide range of vital functions. Its availability and
productivity in the long-term is sometimes seriously threatened by human activities. In a
general term, soil degradation is defined as the deterioration of the soil function, causing a
reduction of its biological potential and productivity that include multiple processes affecting
their physical, chemical and biological properties (Imeson, 1998).

In rangelands, physical, and also biological degradation, are mainly related to
mismanagement. As an example, excessive trampling by livestock usually produces an increase
in the bulk density of the soil and a decrease in porosity, significantly reducing the water
holding capacity and infiltration rate, finally affecting the pasture productivity, degree of soil
cover and soil vulnerability. (Gamougoun et al., 1984; Mulholland and Fullen, 1991). In this
respect, the degree of ground cover is known to be one of the key elements in reflecting the
soil condition and protecting soil from degradation.

The amount and type of vegetation cover strongly depends on climate, topographic factors,
lithology and human factors such as the history of land use. The reduction of vegetative
biomass and degree of soil cover in rangelands due to grazing causes a decrease in the
interception of rainfall, an increase in the percentage of bare soil and, consequently, less
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protection against the direct impact of raindrops on the soil surface. Indirectly the reduction
of biomass, with the consequent reduction of soil organic matter, leads to the physical
degradation of the soil, negatively affecting infiltration capacity and water retention properties,
and increasing the amount of surface runoff (Imeson, 1998).

In the Mediterranean regions, the existence of long summer drought periods coupled with
the intense autumn rains, are likely to cause considerable loss of soil material by rainfall erosion.

Therefore, rate of uncovered versus covered soil in rangelands is considered as an indicator
of soil quality. Quantification of uncovered or bare soil can be done in different ways and at
different spatiotemporal scales. Quantifying bare soil surface and its temporal dynamics by
field work can be a highly demanding activity in terms of both time and economic costs for
medium-to-large scale areas, such as rangeland farms. Using satellite images overestimates
or underestimates bare soil surfaces at farm level. This leads to the need for exploring other
methods for the quantification of bare soil surfaces.

Among the objectives of this study are: (1) to test a set of available techniques and
methods for quantifying bare soil surfaces, (2) to analyse the possibilities of orthophotos for
land cover analysis and the detection of land degradation phenomena, (3) to compare the
efficiency of different methods of image classification and to improve them in order to
monitor changes in vegetation cover and bare soil as a soil health indicator.

Study area

The study was carried out on the 1024 ha farm “Parapunos de Dofa Maria”, located in
Monroy municipalty, Céceres province, SW Spain (Fig. 1). Located about 24 kilometres
northeast of the city of Caceres, bounded to the south by the Almonte River, one of the main
tributaries of the Tagus river. The farm can be considered as representative of the rangelands
(dehesas) of the peneplain geomorphological domain of Caceres province (Spain), characterized
by the presence of thin soils, mainly developed on schist and subject to typical Mediterranean
climate characteristics. Vegetation is characteristic of the dehesa wooded rangelands systems,
with the presence of therophitic pasture communities with more or less dense shrubs and
scattered trees (Quercus rotundifolia). The predominant land use is livestock grazing of
sheep, cows and pigs.

Overview and references to related work

Many authors have emphasized the role of livestock activities, particularly in overgrazed
areas of semiarid climates, with some physical and biological soil degradation indicators such
as bare soil occurrence, (Gamougoun et al., 1984; Lavado, 2002; Mulholland, Fullen, 1991;
Schnabel et al., 1996; Imeson, 1998; Kosmas et al., 1999; Shakesby et al., 2002; Schnabel,
2003; De Bello, 2006; Taboada, 2007).

In several works, land cover classifications were carried out (Chen et al., 1996; Hansen
et al., 2000; Stuckens et al., 2000), and also monitoring of land cover changes (Wegmiiller,
Werner, 1997). Others tested different classification techniques and methods using diverse
material at various scales. (Foody, 2002).

Oruc et al. (2004) compare pixel-based and object-oriented classification methods using
Landsat-7 ETM images with 6 spectral bands to classify land cover types in Zonguldak
(Turkey). They applied an unsupervised classification method based on the ISODATA algorithm
to provide a priori knowledge, completing the final classification by supervised methods.
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Carmel and Ronen (1998) classified Mediterranean vegetation in Mt. Meron (Israel) using
two panchromatic aerial photographs (dated in 1964 and 1992) by supervised classification
methods of three classes (trees, shrubs and herbaceous vegetation (including bare soil)) with
a resulting accuracy close to 90% in many cases. Lecerf (2008) determined winter bare soil
variability of intensive farming areas with MODIS data (250 metres spatial resolution).Some
more recent work, Marpu et al. (2006), Gao et al. (2007), Nussbaum et al. (2008), started to
use object-based image analysis methods.

Material and Methods

Unsupervised classification

Unsupervised classification uses only data from the image pixel spectral characteristics,
performed by assigning classes to series of homogenous pixel groups called clusters. The first
step in an unsupervised classification is the creation of groups or clusters using a multivariate
technique for grouping or clustering, similar to factor analysis used to classify multiband images,
based on ISODATA algorithm (Iterative Self-Organizing Data Analysis Technique). The selection
of centroids and the allocation of pixels to them are made by k-means clustering algorithm
(Mac Queen, 1967). The resulting classified image is computed using the maximum likelihood
of each pixel of belonging to the created classes. Due to its spectral characteristics (high values
of RGB and brightness digital levels), bare soil pixels were always classified according to the
statistical properties of the last class in all the classifications performed. 42 classifications were
performed, using different band combinations for each image (RGB, brightness and
RGB-+brightness) and different settings of the k-means algorithm from 2 to 15 predefined
classes. The better classifications for each band combination were afterward selected on the
premise of maximizing the minimum statistical distance among classes and reclassified into
two classes, covered and uncovered (bare soil) surfaces.

Supervised classification

Supervised classification adds some additional information provided by the user concerning
pixels or group of pixels of known certainty about its correspondence with the cover classes.
Those pixels are used as training areas in the process of classification. The remaining pixels
are assigned to the most similar class through different algorithms, such as minimum distance,
maximum likelihood and Mahalanobis distance.

Training field sites were created by using 300 random points with known values of soil
cover (250 and 50 sites for covered and uncovered areas respectively) used to generate the
spectral signatures of each class with ERDAS® software.

Object-based classification

In this method of classification the focus of analysis are objects created on the image and
not the pixel values. Object-oriented classifications take into account important aspects of
image objects such as shape, texture and spectral information, amongst others (Arroyo et al.,
2005). One of the advantages of this type of analysis is the close relationship between real
objects and the created image objects, which enhances the value of the final classification
(Benz et al., 2004).



36 M. PULIDO FERNANDEZ, J.F. LAVADO CONTADOR, A. GOMEZ GUTIERREZ, F.J. LOZANO PARRA

Objects are created by a process of image segmentation done with the multi-resolution
algorithm implemented in Definiens® software (Marpu et al., 2006).

125 training segments or image objects were selected at random places to train the
classification algorithm based on the minimum distance or nearest neighbour (applied to
objects), resulting in the final object-oriented classification

The multi-resolution segmentation algorithm for delimiting image objects is a key aspect
in the method (Marpu et al., 20006).

Material

The whole work was carried out on the basis of three orthorrectified aerial photographs: The
first one of 0.4 m pixel size, dated on July 2002 taken ex profeso. A second image of 0.5 metres
pixel size (digitally resampled to 0.4 m) was taken on April 2006 and belongs to the SIGPAC
project (Geographical Information System of Agricultural Plots from Spanish Ministry of
Environment). A third 1 metre pixel (resampled to 0.4 metres) panchromatic image dated on
February 1998 was taken from the Spanish Olive tree Geographical Information System (SIG
Oleicola Espanol) carried out by the former Spanish Ministry of Agriculture, Fisheries and Food.

All the significant artificial elements as human constructions and water bodies were masked
and removed from the original images in order to avoid interference with the representativeness of
the results. For the two RGB images (2002 and 2006) the brightness component was calculated
and for the panchromatic image only one layer was used for every classification method.

The software used were ArcGis®, Erdas® and Definiens® for unsupervised, supervised
and object-based classifications, respectively.

Validation of the classification results

To validate the results, 1000 random points were generated over the farm and their cover
characteristics thoroughly checked on the screen based on the prior knowledge of the study
area characteristics. The statistical algorithms used for measuring the classification accuracy
were contingency matrices, which show the percentage accuracy, and the Area Under the
ROC Curve (Receiver Operating Characteristic, AUC), based on values of sensitivity and
specificity that predict the chances of success in the decision to assign a pixel as uncovered
or covered soil. AUC can be interpreted as an average sensitivity and specificity over all
possible values of specificity and sensitivity (Lopez, Pita, 1998), the values of the AUC
ranges from 0.5 (complete randomness) to 1 (perfect discrimination).

Results and Discusion

Unsupervised classification

The best results were obtained from a combination of the RGB image + brightness
component, classifying them to first obtain the optimum number of classes (k) and afterwards
carrying out a reclassification process in order to obtain two final classes as described in
methods. For spring 2006 the optimum number of classes was 6; 5 in the case of summer
2002 and 9 in winter 1998. The validation procedure showed high accuracy levels: 93.4%
for the spring image, 93.1% for the summer one and 98.7% for the winter one (Table 1). The
Area Under the Curve (AUC) from the ROC validation technique amounted to 0.94, 0.91 and
0.99 for spring, summer and winter respectively (Table 2). 9.10% of the study area was
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Table 1. Percentage of accuracy of unsupervised classification using 1000 field work
random validation points
k 1998 2002 2006
PAN RGB BR RGB+BR RGB BR RGB+BR

2 50.1 56.5 56.5 56.9 41.6 39.8 41.2
3 75.4 75.5 74.9 71.2 61.5 60.8 61.2
4 86.5 87.4 86.5 85.0 81.6 80.6 81.5
5 91.4 92.9 92.8 93.1 88.5 87.3 88.3
6 94.6 95.1 94.5 94.7 93.8 93.0 93.4
7 97.4 95.0 95.1 94.8 96.3 95.9 96.2
8 98.1 94.3 95.2 94.8 972 96.8 97.1
9 98.7 94.0 94.9 94.2 96.4 96.1 96.3
10 99.4 93.3 94.5 93.9 96.2 95.6 95.9
11 98.8 92.4 94.0 92.8 95.6 95.5 95.7
12 98.8 92.4 93.6 92.5 95.6 95.4 95.5
13 98.6 92.4 93.2 922 95.4 95.4 95.6
14 98.2 92.1 92.8 922 95.4 95.4 95.5
15 98.2 92.1 92.8 91.8 95.3 95.1 95.3

k: number of classes; PAN: Panchromatic image; RGB: RGB Image; BR: Brightness component of the RGB image;

RGB + BR: Combination of RGB image with its brightness component

Table 2. Area Under the ROC Curve (AUC) of unsupervised classification
k 1998 2002 2006
PAN RGB BR RGB+BR RGB BR RGB+BR

2 0.705 0.734 0.734 0.737 0.676 0.666 0.673
3 0.850 0.847 0.843 0.821 0.782 0.782 0.780
4 0.915 0.906 0.905 0.900 0.893 0.888 0.893
5 0.944 0.912 0.923 0.913 0.927 0.921 0.926
6 0.963 0.903 0.901 0.900 0.939 0.939 0.941
7 0.979 0.873 0.887 0.885 0.931 0.928 0.930
8 0.983 0.848 0.876 0.865 0.891 0.889 0.891
9 0.987 0.831 0.859 0.843 0.838 0.841 0.837
10 0.982 0.811 0.847 0.828 0.819 0.798 0.808
11 0.962 0.785 0.831 0.797 0.789 0.793 0.794
12 0.962 0.785 0.819 0.788 0.789 0.783 0.784
13 0.955 0.785 0.808 0.799 0.774 0.779 0.780
14 0.941 0.777 0.797 0.799 0.770 0.774 0.775
15 0.941 0.777 0.797 0.768 0.765 0.755 0.765

k, PAN, RGB, BR, RGB+BR - see Table 1
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estimated as bare soil in summer, 3.45 % in spring and 3.38 % in winter. 77.8% of the farm
surface was permanently covered, and a 1.58% was always bare. Approximately 20% of the
surface changed from covered to bare or vice versa (Fig. 2).

Supervised classification

For spring 2006 the best results were obtained using a minimum distance or nearest neighbour
algorithm, in the case of summer 2002 by maximum likelihood and in winter 1998 by Mahalanobis
distance. The validation procedure showed high accuracy levels: 94.67% for the spring image,
96.43% for the summer one and 97.10% for the winter one and AUC values of 0.905, 0.880
and 0.952 for spring, summer and winter respectively (Table 3). 12.9 % of the study area was
estimated as bare soil in summer, 1.05% in spring and 9.99% in winter. 66.3% of the farm
surface was permanently covered, and a 1.99 % was always bare. Approximately 30% of the
surface changed from covered to bare or vice versa (Fig. 3).

Table 3. Percentage of accuracy (% acc.) and Area Under the ROC Curve (AUC) of supervised

classification
1998 2002 2006
% acc. AUC % acc. AUC % acc. AUC
MLK 96.30 0.950 96.43 0.880 93.70 0.898
MD 82.50 0.886 81.86 0.874 94.67 0.905
MHD 97.10 0.952 91.71 0.874 85.00 0.837

MLK: Maximum likelihood; MD: Minimum distance; MHD: Mahalanobis distance

Object-based classification

The validation procedure also showed high accuracy levels: 95.0% for the spring image,
90.9% for the summer one and 94.8% for the winter one. The Area Under the Curve (AUC)
from the ROC validation technique amounted to 0.834, 0.900 and 0.853 for spring, summer
and winter respectively. 9.50% of the study area was estimated as bare soil in summer,
1.42% in spring and 2.90% in winter. 81.43% of the farm surface was permanently covered,
and 1.19% was always bare. Approximately 20% of the surface changed from covered to
bare or vice versa (Fig. 4).

Discussion and conclusions

We compare classification methods based on pixel and objects as well as other authors
(Oruc et al., 2004; Gao et al., 2007), who used classification algorithms as the Mahalanobis
distance. Other methods could also be considered, such as fuzzy logic or SeaTH algorithms
(Benz et al., 2004; Nussbaum et al., 2008). All the classification methods tested proved to be
appropriate for bare soil surface quantification in the study area with more than 90% of
accuracy in many cases, in agreement with results obtained by other authors (Oruc et al.,
2004; Nussbaum et al., 2008).

Supervised classification methods do not improve the results obtained by the unsupervised
one; this is particularly relevant by avoiding time-consuming labor for selecting supervised
training areas. Object-based methods improved the “realism” of the resulting image by
significantly removing the “salt and pepper” effect.
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Comparing images from different dates, lead to a better description of the dynamics of
covered and uncovered areas as well as to the appropriate identification of changing surfaces
as spring or winter cultivated areas, places where the shrubs has been cleared or overgrazed
areas in summer, particularly relevant in terms of soil degradation.
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Streszczenie

Pomiar obszarow odstonietej gleby na pastwiskach jest bardzo wazny, gdyz silny wphyw na stopien
erozji gleby majq jej podatnosé na degradacje i stan zdrowia. Szczegdlnie w ubogich w roslinnosé
obszarach Srodziemnomorskich, na poczqtku sezonu deszczowego, duza intensywnosé wypasu zwie-
rzyny hodowlanej moze prowadzi¢ do ogotocenia i degradacji gleby, zwtaszcza w miejscach stale
odstonietych i tych o mniejszym udziale roslinnosci trawiastej. Zatem waznym wydaje sie opracowanie
metody umozliwiajqcej identyfikacje oraz kwantyfikacje obszaréw odstonietej gleby oraz opis ich
dynamiki czasowej.

W artykule przedstawiono metode stuzaca do kwantyfikacji obszaréw odstonietej gleby i analizy jej
czasoprzestrzennej dynamiki, przy uzyciu ortofotomap lotniczych. Ortofotomapy z okreséw letniego,
wiosennego i zimowego przedstawiajq farme potozonq na mato zalesionym obszarze, z duzq iloscig
terenéw wypasu (dehes), typowym dla potudniowo-zachodniej czesci Pétwyspu Iberyjskiego. Do ana-
lizy tych ortofotomap zastosowano algorytmy klasyfikacji obrazu.

W badaniu wykorzystano obraz panchromatyczny z zimy 1998, dwa tréjkanatowe obrazy (RGB)
zarejestrowane latem 2002 i wiosng 2006 wraz z komponentem jasnosci, wszystkie z pikselem o
wymiarze 0.4 m. W celu okreslenia obszarow odstonietej gleby zdjecia zostaty sklasyfikowane przy
uzyciu klasyfikacji nienadzorowanej, nadzorowanej oraz obiektowej.

Pordéwnano wyniki uzyskane réznymi metodami. Stopien doktadnosci klasyfikacji byt bardzo zblizony
dla wszystkich porownywanych metod (powyzej 90%). Wykorzystujac najlepszq metode klasyfikacji,
okreslono dynamike w obszarach o glebie odstonietej i porosnietej jako funkcje czasu, analizujqc
zmiany powstate na obszarach zaréwno porosnietych, jak i nieporosnietych.
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Figure 1. Location of study area
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Figure 2. Bare soil and its seasonal variation using the unsupervised classification method
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Figure 4. Bare soil and its seasonal variation using the object-based classification method




