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ABSTRACT:
Linear erosion is a natural phenomenon. However, inadequate occupation of the environment or the implementation of engineering
works, without the due care, accelerates this process, which has been acknowledged as the main cause of land degradation
worldwide. The use of high-resolution satellite imaging to map risk areas for this process, may contribute to devising prevention
strategies. Linear erosion is a process dependent on thresholds controlled by many variables. This study has used only topographic
variables (altimetry, slope, curvature profile, curvature plan, slope orientation, accumulation flow, humidity index, sediment transport
capacity, potential flow and drainage network) and a vegetation index, which were selected due to their influence on linear erosion
processes. The study was developed in two 6,000 x 4,500 meter areas, located in the eastern part of the Federal District – Brazil. The
classification model building was done using open source software packages, namely InterIMAGE and WEKA. The aim of this study
was to develop a routine for automatic mapping of areas susceptible to linear erosion. The accuracy rate achieved by the model was
87.5%, as 21 of 24 linear erosion processes were identified. The percentage of the mapped area in relation to the total study area also
showed that the classification was not overestimated.
KEYWORDS: RapidEye, Segmentation, Linear Erosion, Digital Elevation Model.

1.

INTRODUCTION

The erosion process represents a major environmental impact
caused by inappropriate occupation of rural and urban areas.
This process results from the disintegration and natural
movement of the particles of the soil; and it can be
accelerated by anthropic action. It may occur when, for
example, the original vegetation is removed and the
uncovered soil becomes more vulnerable. It also happens
when the appropriate conservation techniques are not used to
manage the soil, causing imbalances in the interaction
between soil, climate, relief and vegetation, and also
instability in the system as a whole.
Studies regarding erosion processes have been developed by
many researchers for a long time, usually based on empirical
equations regarding the loss of soil layers. According to
Lanza (2011), there are many approaches to this analysis,
such as: the creation of cartography of areas at risk, field
observation and experiment activities, spatial incidence of
centers of erosion features, and also estimation of soil loss
rates.
There is, however, a gap in erosion studies concerning
automatic mapping of linear erosion processes.
Measurements need to be taken on site to assess and monitor
these processes. For the measurements to be taken on site, a
great number of people and a large amount of equipment is
necessary on the edges and in the interior of the process,
which may worsen it, and puts the researchers on the field at
risk. When it comes to locating, assessing and monitoring
these processes, a viable alternative is to use remote sensing
based methods, such as automatic classification of highresolution spatial imagery.
Some of the features that make linear erosion a different
process with respect to other classes of erosion are: spectral
heterogeneity (mixed types of soil, vegetation, and water),
complexity of the target, caused by its size and varied shapes

(irregular shapes, variable dimensions, asymmetry, and
variable width/length proportion), and altimetry variation
(which can range from centimeters to meters, with steep
declivities on the edges). So it is necessary to devise an
approach that take these specific features into account.
Among high-resolution remote sensing imagery classification
approaches, Geographic Object-Based Image Analysis
GEOBIA (Hay and Castilla, 2008) has gained relevance in
the last years. This approach represents an improvement in
respect to conventional automatic remote sensing analysis
approaches, as it makes it possible to model human
knowledge regarding specific characteristics of the target
classes of objects, with the aid of features like brightness,
texture, shape, proximity relations, among others, as well as
being able to be integrate with other techniques, such as
mining, Fuzzy logic, and fractal geometry. GEOBIA focuses
on the classification of image segments, which is different
from traditional classification approaches, which perform
pixel-wise classification.
Information obtained with the object-based method proposed
in this work provide an important support to environmental
and territorial planning and managing. Such information
helps in the efforts of locating the distribution and expansion
of linear erosion processes, as well as making it possible to
monitor changes in short intervals of time.
The objective of this study is to employ object-based
classification on high-resolution images, using topographic
variables to automatically map areas susceptible to linear
erosion.
2.

MATERIALS AND METHODS

The area under study is in Distrito Federal, one of 27
Brazilian states, located in the Midwestern region of the
country, on the Central Plateau, with an area of 5,814 square
kilometers.

Picture 1 - Location of test-areas.

The proposed methodology was applied in two test-areas
(Picture 1). Each test-area is 6,000 X 4,500 meters in size:
that is, 27,000 m². The delimitation of these areas took into
account the existence of several ongoing erosion processes in
the areas under study.
Test-area 1 was used for selecting samples to train the data
mining procedure, so as to build a decision tree that aids
mapping of ravines and gullies. Test-area 2 was chosen to test
if the decision tree could be applied to an environment that
was not influenced by the presence of training samples.
The following products were used to execute this study:
a) RapidEye image, with 5 meters’ spatial resolution, with a
spectral range between 440 and 850 nm, and a 12-bit
radiometric resolution;
b) vector data: hydrography, height level curves, and critical
points;
c) Digital elevation model (DEM) generated by
interpolation of topographic height level curves and
critical points;
d) DEM-generated data: altimetry, declivity, profile
curvature, plan curvature, aspect, flow accumulation,
humidity index, sediment transport volume, and drainage
potential.
The following software packages were used to execute this
study:
a) ArcGIS v10.3 (ESRI, 2008);
b) ENVI v5.3 (ITT, 2009);
c) InterIMAGE v1.42 (Costa et al. 2010);
d) WEKA v3.7 (Witten and Frank, 2005).
The proposed methodology starts by selecting and acquiring
a high-resolution remote sensing system. The RapidEye
imaging system was chosen because of its spatial resolution
and because MMA – Ministry of the Environment of Brazil
provides it at no cost for research projects.
TERRACAP – Land Development Company of Brasília
provided vector data (level curves, critical points, and
drainage network) that made possible the construction of the
DEM. This data was gathered during a cartographic mapping
of the Federal District, at 1:10,000 scale, undertaken by
TOPOCART in 2010.

After generating the following classification image planes
from the DEM: altimetry, declivity, profile curvature, plan
curvature, aspect, flow accumulation, humidity index,
sediment transport volume and drainage potential; those
planes were cropped so they would fit the limits of the testareas and could, then, be inserted on InterIMAGE as bands of
a single, synthetic image, which was subjected to
segmentation using the multi resolution segmentation
algorithm proposed in (Baatz and Shäpe 2000).
Once the image segments were produced, segments
representing linear erosion processes were selected as
training samples for the data mining procedure. This selection
was based on a mapping produced by Oliveira (2011) through
visual interpretation of aerial and satellite imagery, that
aimed to identify and analyze factors related to linear erosion
processes in the Federal District.
After creating a single synthetic image by stacking the input
image planes, segmentation and feature extraction was
carried out with InterIMAGE. Then, a table was created, each
line corresponding to a segment and each column, to a
computed feature. The data thus obtained was transferred to
the data mining software, through which the features were
analyzed, and the most relevant features were selected to take
part of in the classification model.
The J48 decision tree algorithm in the WEKA data mining
software package was used to define a decision tree based on
the grouping of specific segment features. The generated
decision tree was then translated into decision rules in
InterIMAGE, which was responsible for the final
classification.
In order to assess classification quality, a verification based
on a generic accuracy metric (non-site specific accuracy) was
conducted. In this verification only the total area of the
mapped category is analyzed, without taking the location of
the category into account. In other words, it is a comparison
(ratio) between the area of the category on the map (linear
erosion susceptible areas in this case), which is generated by
comparing the classification and the reference data (ground
truth) (Congalton and Green, 1999).

3.

RESULTS AND DISCUSSION

The segmentation process preceded that of classification.
Segmentation parameter values were input on the operator
TA_Baatz_Segmenter (Baatz and Shäpe 2000), which is
capable of multi-resolution segmentation, by accepting values
for the relative weights of the synthetic image bands, and for
compacity, color, and scale. The “weight” parameter defines
each image band’s relevance in the segmentation. In the
experiments the same weight was defined for all bands. The
“compacity” parameter represents the way the pixels in each
segment are grouped, with a higher value meaning more
compact objects. The “color” parameter refers to the relative
importance of spectral information, i.e., pixel intensity
values, in relation to the morphological characteristics of the
segments, i.e., shape information. The “scale” parameter
value roughly defines the size of the final image segments.
The J48 decision tree algorithm in the WEKA package can be
tuned to constrain the model to be generated. Therefore, the
parameter “MinNumObj” was set. This parameter controls
the size and the complexity of the tree to be generated, and
was set so that a minimum of 4 objects (segments) per leaf of
the decision tree should be selected. This means that
decisions that did not classify at least 4 segments were
automatically eliminated from the model.
To build the decision tree (Table 1), the J48 algorithm
selected eight features as the most relevant for the mapping
of areas susceptible to linear erosion process. These features
were altimetry, NDVI, profile curvature, plan curvature,
topographic humidity index, sediment transport capacity
index, proximity to drainage network, and aspect.

NDVI <= 0.26
|Altimetry <= 950.59
||Profile curvature <= -0.095
||| Profile curvature <= -0.204
||| Profile curvature > -0.204
||||Altimetry > 894.85
|| Profile curvature > -0.095
||| Prox. to drainage network <= 245.81
|||| Altimetry <= 918.79
|||||NDVI <= -0.005
||||||Altimetry <= 887.048
||||||Altimetry > 887.048
|||||||Plan curvature > 0.156
|||||NDVI > -0.005
|||||| Prox. to drainage network <= 55.20
||||||| Plan curvature > 0.223
||||Altimetry > 918.799
||||| Profile curvature > 0.13
| Altimetry > 950.59
||NDVI <= 0.017
|||Topographic humidity index > 4.399
|||| Prox. to drainage network <= 16.126
||||| Sediment transport capacity > 2.023
|||||| Altimetry <= 1208.53
|||||||Aspect > 129.75
||||||||Altimetry > 992.37
||||||Altimetry > 1208.536
Table 1. Tree in textual form, generated by the
J48 algorithm.

The altimetry feature was then used as an indirect
measurement of spatial variations in temperature and/or
precipitation, as well as to estimate spatial distribution of
climatic variables, such as average seasonal and annual
precipitation, maximum daily precipitation, monthly average
and temperature (Moore et al. 1991). This justifies the feature
being chosen by the data mining algorithm, because,
according to Pruski (2006), rain is the agent responsible for
providing the necessary energy for hydric erosion to occur,
because of the direct impact of water drops on the surface of
the soil and also because of it is capability of producing
superficial drainage..
The data mining algorithm selected NDVI as its first criterion
to divide the areas (segments) susceptible to linear erosion
processes, which confirms Lima (2003), who states that the
presence of vegetation is a very important characteristic in
the study of erosion, because it is a factor related to the direct
protection of the soil against the impact of water drops.
Vegetation also stops erosive action originated from
superficial drainage.
The profile curvature and plan curvature are present because
both are a characteristic of the terrain associated with
hydrological, pedological, and transport of solid matter, as
well as many other aspects, indirectly. The combination of
both curvatures is represented by a concave-convergent form
(maximum drainage concentration and accumulation) and by
a convex-convergent form (maximum drainage dispersion),
as described by Araújo (2006).
Even though the declivity feature is defined as inclination of
slopes, which causes locations with a higher declivity to have
more frequent linear erosion processes, the data mining
algorithm did not select it directly. It was used indirectly,
nevertheless, because it was part of the calculation to obtain
other variables taken into account, such as: topographic
humidity index and sediment transport capacity index.
The aspect variable was also selected by the data mining
algorithm, which shows the importance of this feature in the
mapping. Proof of this importance is the fact that this feature
is used as local attribute in geological investigations, and may
indirectly influence linear erosion processes by controlling
exposure to different climatic conditions (time of exposure to
sunlight, precipitation intensity, humidity retention, etc.) and
vegetation (Dai et al., 2001; Çevik and Topal, 2003; Pulice et
al., 2009; Conforti et al., 2010).
The values of the flow accumulation and declivity features
were used to calculate other features taken into account, such
as the humidity topographic index and the sediment transport
capacity index.
The fact that the data mining algorithm selected the humidity
index feature may be explained by the relationship between
this index and saturated areas, as well as the generation of
superficial drainage.
The feature concerning proximity to drainage network was
also chosen because a relationship between this variable and
linear erosion processes was inferred, which confirms
Werlang (2004), who states that the relation between
headwaters and linear erosion processes may be observed
through the similarity between the concepts of incised river
channels in valley headwaters and linear erosion processes.
Incised river channels are the upper limit of flow and

sediment transport. Linear erosion processes are natural
incised channels that originate from natural or anthropic
imbalances.
For test-area 1 (Figure 1), where training samples were
selected, the classification model achieved a 95.83%
accuracy value for the mapping in relation to the amount of
linear erosion processes identified. This means the mapping
was able to find 46 of 48 existing linear erosion processes.

Test-area 2 was used for confirmation, and it was analyzed
using the decision tree defined by the training samples
obtained in test-area 1. The accuracy rate achieved by the
model in Test-area 2 was 87.5%, that is, 21 of 24 linear
erosion processes were identified (Figure 2). The percentage
of the mapped erosion susceptible area in relation to the total
area of the test-area was 17.5% which shows that the
classification was not overestimated.

Figure 1. Map of susceptibility to linear erosion processes in test-area 1.

Figure 2. Map of susceptibility to linear erosion processes in test-area 2.

4.

FINAL CONSIDERATIONS

The association of object-based analysis and data mining
has proven to be very effective for identifying areas
susceptible to linear erosion processes.
The areas that were identified by the model coincided
with a significant number of existing linear erosion
processes, which led to high accuracy rates. As a result,
using topographic attributes to map areas susceptible to
linear erosion processes can be considered a coherent and
effective method, and represents a useful tool for studies
of this nature.
The study of topographic aspects has shown the strong
relationship between physical elements of the terrain,
hydrological processes, and, consequently, linear erosion
processes. This relationship made it possible to devise an
object-based methodology that delivered high accuracy
rates. Due to the high accuracy obtained, the
methodology has been found recommendable for the
mapping of areas susceptible to linear erosion processes.
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