
Design of a Spectral–Spatial Pattern Recognition
Framework for Risk Assessments Using
Landsat Data—A Case Study in Chile

Andreas Christian Braun, Carolina Rojas, Cristian Echeverri, Franz Rottensteiner, Hans-Peter Bähr,
Joachim Niemeyer, Mauricio Aguayo Arias, Sergey Kosov, Stefan Hinz, and Uwe Weidner

Abstract—For many ecological applications of remote sensing,
traditional multispectral data with moderate spatial and spectral
resolution have to be used. Typical examples are land-use change or
deforestation assessments. The study sites are frequently too large
and the timespan covered too long assumes the availability of
modern datasets such as very high resolution or hyperspectral
data. However, in traditional datasets such as Landsat data, sepa-
rability of the relevant classes is limited. A promising approach is to
describe the landscape context pixels that are integrated. For this
purpose, multiscale context features are computed. Then, spectral–
spatial classification is employed. However, such approaches
require sophisticated processing techniques. This study exemplifies
these issues by designing an entire framework for exploiting context
features. The framework uses kernel-based classifiers which are
unified by a multiple classifier system and further improved by
conditional random fields. Accuracy on three scenarios is raised
between 19.0%pts and 26.6%pts. Although the framework is de-
signed, focusing an application in Chile, it is generally enough to be
applied to similar scenarios.

Index Terms—Conditional random fields (CRFs), extended
morphological profiles (EMPs), import vector machines (IVM),
kernel composition, support vector machines (SVMs).

I. INTRODUCTION

T HE coastal range of central Chile has experienced as one
of the fastest and most widespread land-use change pro-

cesses worldwide [21]. During the last 35 years, establishment of
commercial tree plantation forestry—heavily fostered by gov-
ernment subsidies—caused aworrisome process of deforestation

of native forests. A range of ecological risks can arise from this
process, among the biggest being the loss of biodiversity [46].

In order to analyse this process and its consequences, precise
and detailed land-usemaps are required. For ecological studies on
deforestation, the accuracy of such maps should be higher than
90% [45]. This requirement is especially challenging since
plantations and native forests both represent closed canopy tree
ecosystems. Thus, they are spectrally similar and hard to separate.

In order to produce maps that distinguish spectrally similar
vegetation classes, very high-resolution or hyperspectral remote-
sensing data are frequently used [25], [37].

However, given the spatial extent of the coastal range and the
fact that the timespan since 1974 has to be covered, such data are
not available. Due to these circumstances, less modern multi-
spectral data from Landsat have to be used—a common draw-
back to long-term ecological monitoring tasks, especially in
developing countries [17].

However, due to the limited number of channels and the
moderate resolution, distinguishing spectrally similar classes in
Landsat data is challenging. Based on using spectral information
only, the required accuracy level can hardly be achieved when
using Landsat data [50].

A possible solution is to exploit the landscape context. Objects
of the study site (e.g., trees) are integrated into a landscape
context (e.g., open soils between the trees). This landscape
context creates textures in the image. A plantation may exhibit
a texture created through the regular planting patternwhich helps
to overcome the limits of spectral similarity when distinguishing
it from a native forest. Therefore, computing context features
from the spectral features in the image that describe the landscape
context at the study site may help to raise accuracy [53], [22].

However, at this point, methodological challenges arise. First,
a well-suited method for describing spatial context needs to be
employed. Second, a semantically sound method for fusing
spectral and context information needs to be employed. Third,
computing context information raises the number of features
used in classification. Therefore, many traditional classification
approaches that are frequently used in ecological studies—such
as maximum-likelihood classification (MLC)—tend to fail in
such application scenarios [38]. Modern techniques from pattern
recognition are required to tackle the methodological challenges
and will be used herein. The primary objective of this study is to
design a framework for producing highly accurate land-usemaps
in situations, where traditionalmultispectral data have to be used.
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Design involves the combining state of the art methods from the
pattern recognition that are suitable to enhance accuracy when
processing the data with limited spectral information content and
moderate spatial resolution. Secondary objectives are to provide
information on the performances of import vector machine
(IVM) and the relevance vector machine (RVM) in comparison
to the support vector machine (SVM). Furthermore, the report
is—to the knowledge of the author—the first to provide insight
on the combination of IVM and RVM with kernel composition
for data fusion.

Since Chile represents a typical case for developing countries,
where fast and intense land-use change processes have to be
analyzed with a poor remote-sensing database, the framework
designed herein can be considered a case study of how to
overcome data limitations in other regions of the global south.

II. RATIONALE FOR MODELLING THE LANDSCAPE
CONTEXT BY CONTEXT FEATURES

In central Chile, native southern beech and sclerophyllous
forests are replaced by plantations ofPinus andEucalyptus trees.
Fig. 1 shows a toy example to illustrate how context information
can help to enhance separability. In the upper left corner, an
exotic tree plantation is situated and in the lower right corner, a
native forest can be seen. Due to the their high spectral similarity,
trees in the upper left and lower right corner cannot be distin-
guished based on spectral information. A human interpreter uses
the context to distinguish both, as plantations show a regular
planting pattern, whereas native forests do not. The same ac-
counts for the open soil in plantations in the upper left corner and
the open soil in agriculture in the lower left corner. Fig. 1(b)
shows a binary image produced on some threshold of the color
image. In order to describe the spatial context into which pixels
are integrated, where image openings and closings are helpful
[44]. Fig. 1(c) shows an image opening produced with a struc-
turing element SE (disk, size 10). As one can see, this feature
clearly allows to distinguish trees in the upper left corner (which
are background pixels in the binary image) from trees in the
lower right corner (foreground pixels in the binary image).
Fig. 1(d) shows an image closing produced with another SE

(disk, size 25). This feature is not useful to distinguish the
different kinds of trees. However, open soils between the plan-
tation trees are clearly distinguished from open soils in the upper
right and lower left corner. Hence, this feature helps to distin-
guish open soils in the plantations from, e.g., recently harvested
areas. As can be seen, the size of SE determines its capacity to
facilitate a particular separation problem. Since it is difficult to
decide beforehand which sizes will be helpful, it should be
attempted to use a whole range of differently sized SE.

For both the separation problems, a feature is computed which
raises their separability throughmorphological operations. It can
be concluded that for both cases, a reliable separation based on
spectral features is not granted since the classes of interest show
very similar spectral characteristics of individual pixels. The
context in which pixels are embedded within the landscape,
however, creates differences in the texture that are potentially
highly significant for separation. Hence, a method should be
employed to incorporate a description of the local neighborhoods
of pixels into classification.

III. METHODS

In the following, the methods used will be outlined. The
emphasis is put on outlining the objectives for including a
particular method into the entire framework. Mathematical
foundations of particular methods can be found in the original
publications and will be outlined briefly herein.

A. Extended Morphological Profiles

As pointed out in Section II, information on the landscape
context represented by morphological context features can help
to distinguish land-use classes if context features based on a
range of various sizes are computed. Morphological profiles
(MPs) calculate new features by grayscale morphology using
openings and closings by reconstruction. From an image channel
of the 8-bit Landsat data, a stack of binary images are produced.

This is achieved by using each integer in 0, ,255 as a
threshold. In each binary image of this stack, objects appear as
hierarchically ordered and connected as components. An object
bright enough to pass the 120 threshold will also be a connected

Fig. 1. Toy example: rationale for using the mathematical morphology. Plantation trees cannot be distinguished from the forest trees in the original image. Opening
provides information to distinguish both. Open soils in plantations cannot be distinguished from the open soils elsewhere. Closing provides information to distinguish
the open soils: (a) original image, (b) binary image, (c) opening, and (d) closing.
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component of the 100 threshold. On this stack of images, image
openings and closings by reconstruction are computed using
SEs. SE are scaled by the parameter . Each connected
component is tested against SE with given size using four
different criteria.

1) Area: Testswhether the area of the connected component is
larger than the area of .

2) Diagonal: Tests whether the diagonal bounding box of the
connected component is larger than the diagonal of the
bounding box of .

3) Standard deviation: Tests whether the standard deviation
of the gray-level values of the pixels in the connected
component is larger than .

4) Inertia: Tests whether the elongation of the connected
component is larger than the elongation of according
to the first moment invariant [28].

If a connected component passes the test—e.g., if the area of
the connected component is larger than the area of —it is
entirely preserved. If it fails, it is entirely integrated into the next
brighter threshold level (closing by reconstruction) or the next
darker threshold level (opening by reconstruction) [18]. After-
ward, a feature image is constructed by reconverting the altered
stack of binary images into a new grayscale image. This proce-
dure can be applied to any integer data and is not limited to the
8-bit quantization used herein. The resulting morphological
context features in the MP thus represent grayscale features. As
shown in Section II, it is difficult to predict beforehandwhich size
of SEwill be helpful to separate classes. Therefore, a whole set of

can be used to compute closings and openings by recon-
struction. The resulting features provide a hierarchy of the spatial
context. With increasing , larger areas on the ground will be
unified in the image openings and closings. An area on the
groundwhich is unified at a small will also be unified in larger

in the hierarchy. AnMP of different of image channel
is then

The extended morphological profile (EMP) of an image with
channels is the concatenation of the MPs of each image

channel . The number of addi-
tional features in the EMP is , since for channels,
SE provide one closing and one opening by reconstruction,

and four criteria are used at each size.1 For the eight-channel
Landsat data, 320 features are provided since five different
are used ( for area and diagonal,

for standard deviation and inertia).
The MPs are the multiscale representations of the context

pixels that are integrated. Although they have been originally
invented for very-high-resolution (VHR) data, the application
schemes they have been applied to are not limited to VHR data.
The MPs and EMPs have been applied, e.g., by [3], [15] to very-
high-resolution data, [2] and [22] on hyperspectral data, and
combined optical LiDAR datasets by [39].

Numerous alternatives for computing context information
have been published. Important examples are local gradient
techniques [48], techniques based on wavelets, anisotropic
partial differential equations [52], or multiscale features such
as empirical mode decomposition which are most similar to the
EMP features used herein [19]. Another possibility of consider-
ing pixels context in classification is rule-based object-oriented
classification [4]. Graphical models [32], [16] are another tech-
nique of modeling context in classification (cf. Section III-F).

However, many of these alternatives have been applied to a
single type of dataset only. These datasets are frequently modern
remote-sensing datasets such as hyperspectral data. Especially
for moderate resolution data, very few studies have been pub-
lished. Thus, the applicability of these alternatives to Landsat
data is less clear than for EMPs which have successfully been
applied to almost any kind of remote-sensing dataset. This gives
reason to assume that they are generally applicable to Landsat
data as well.

B. Feature Selection

As stated above, the EMP consists of 320 additional features.
As shown for a toy example, some may provide highly discrimi-
native features for certain classes while others may not be helpful
(cf. Section II). Therefore, it should be aimed to remove some
nonsignificant features by feature extraction or feature selection
techniques [33]. The EMP is a hierarchical representation of
spatial context in the image channels. Applying feature extrac-
tion techniques based on data rotations disrupts this hierarchy,
since more than one hierarchical level is projected onto the same
rotation component. Thus, instead of using rotation-based tech-
niques such as PCA, ICA, or kernel-PCA [13], more straight-
forward selection techniques seem indicated since they maintain
the hierarchy. Once image classes are assigned and represented
by training areas in the image, a forward selection technique is
applied [55]. For this purpose, the Jeffries-Matusita is used
which describes the a priori separability of classes.2 In thefirst
step, for each pair of 2 out of classes, the based only on
the spectral features is computed andwritten into a matrix

. Then, a single feature of the EMP is added to the dataset
and another matrix is computed. The feature is used only if

is positive. In this case, this EMP feature
produces a net improvement of the separability summed
over all classes. This test is performed for each feature and the
EMP is reduced to the features that fulfill the criterion.

Forward selection techniques are used in the remote-sensing
community by [43] to select hyperspectral channels and by [47]
to select classifiers for a multiple classifier system (MCS).

C. Data Representation and Fusion by Kernels

After reducing the EMP to a set of presumably helpful
features, the features can be used to construct a feature space
in which they can be classified. At the same time, both informa-
tion types—the spectral channels and the spatial EMP features—
need to be fused. A straightforward approach for data fusion

1Note that this number excludes the spectral image channel itself which are
included in (1) and only counts the additional features of the EMP.

2Note that assumes that classes are Gaussian distributed. The validity of
this assumptionwas evaluated by interpreting the scatter-plots of themain classes.
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would be to simply join both the information types in a large data
matrix (concatenation CC). However, since the spectral and
spatial information are semantically different, this method may
not be optimal. First, the EMP features should not be treated as if
they were merely some extra channels, whereas in fact, they are a
different kind of information. Second, only one distancemeasure
will be computed on the concatenated feature matrix. The
operator has no option to define, whether he considers the
distance in the spectral data or the distance in the EMP to be
more relevant for classification [7]. For instance, a pronounced
difference between two classes in a single spectral channel may
be disguised by random differences in a series of EMP features—
or vice versa. An alternative is given using kernels. The kernels
represent a distance measure between the two input feature
vectors and after implicit transformation to a
high-dimensional feature space

Although the number of features in , can be large (e.g.,
320 features in the EMP), the resulting kernel value is a
single scalar [42]. Herein, the radial basis function (RBF) kernel
is used (2). The RBF depends on a free parameter that is tuned
by cross-validation grid search in training .
The implicit transformation3 has the advantage of making
difficult classification problemsmore easily separable [11]. After
embedding the data into such a feature space induced by
kernels—called reproducing kernel hilbert space (RKHS)—data
fusion is easily tackled. The theory of Kernels and RKHS states
that kernels can be combined (e.g., by addition or multiplication)
to form another valid kernel [12]. Kernel composition (KCOMP)
exploits this fact for data fusion

For concatenation, only one RBF kernel can be used and is
tuned jointly over the spectral data and the EMP. However, a
different may be required for the spectral than for the EMPdata.
In kernel composition, one RBF kernel can be computed
on the spectral data and another RBF kernel on the EMP.
For both kernels, is tuned independently ( and ).
Then, they are combined to a composite kernel by direct
summation (DSUM), weighted summation (WSUM), or pro-
ducts (PROD).

Kernel composition thus allows a semantically sound data
fusion. Spectral and spatial data are used to separately define two
different distance measures represented by the kernels and

. Then, the two distance measures are combined. Differ-
ences in one data source are thus not concealed by noise in the
other. The data sources are therefore treated differently since

each of them are represented by a particular kernel and the
operator can control their combination. This is especially true for
WSUM, where the operator can define weights , to indicate
the relevance of the respective distance measure for classifica-
tion. However, since no a priori information on the relevance of
the spectral data in comparison to spatial data is available, these
weights are tuned by grid search. After tuning the kernel
parameter , , are determined by cross validation evaluating
the performance of and .

Composed kernels have been used by [12] for hyperspectral–
spatial classification, by [9] for classification of fused hyper-
spectral and LiDAR datasets, and by [34] for using backscatter
information of SAR data jointly with local neighborhoods.

D. Classification

Having represented the data in RKHS using composed ker-
nels, appropriate classification is the next task. Since traditional
classifiers are not suitable for RKHS, kernel-based classification
has to be employed. The framework designed herein is therefore
based on three kernel-based classifiers—the support vector
machine (SVM) [5], [6], the import vector machine (IVM)
[57], and the relevance vector machine (RVM) [49]. The three
methods all follow a similar principle. Given a training dataset
with training vectors and scalar labels , all
three models build a nonlinear feature space based on the .
Within this feature space, a separating plane is optimized to
assign unknown data to the classes . Since training data in
the ecological applications are frequently scarce, the separating
plan will depend only on a small subset of training
samples. For this purpose, each training data point is assigned a
linear weight that controls to which extent the training point
influences the separating plane. In order to optimize the separat-
ing plane and tomake it dependent only on a few data points, is
defined to be positive only for the subset . For the remaining
points, . is a bias parameter which is needed to project
the separating plane from the origin to the data free space
between the two classes

Although they are based on the same model, SVM, IVM, and
RVM do have some important differences. The main difference,
which is relevant herein, is the choice of subset —i.e., for
which type of points . The SVM uses the points closest to
the other class (the borderline points). The IVMuses some points
from the entire distribution, and the RVM uses a few prototype
points to establish the separating plane. Since the separating
planes are differently established, each classifier may be correct
on some samples on which both other classifiers fail. For a
thorough discussion of the classifiers differences, cf. [8], [29],
and for mathematical foundations see the original publications
[5], [57], [49]. Their common formulation makes the classifiers
well combinable. For the major part of the feature space, the
separating planes as defined by the three methods take identical
decisions on the class membership. However, the three methods
define their separating planes on different types of input points

3Readers who are not familiar with kernel-based classification are recommended
to watch the Youtube Video SVM with polynomial kernel visualization which
perfectly illustrates the concept, http://www.youtube.com/watch?v=3liCbRZPrZA.
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(cf. Figs. 1 and 4 in [8]). Therefore, for a minor part of the feature
space, different decisions are taken. For this reason, for a few
points, some classifiers take correct decisions, whereas others do
not. Thus, combining the outputs of the three classifiers will
correct the decisions on points that are falsely classified by one
method but correctly classified by the other twomethods. Hence,
the different formulation of the separating plane by the three
methods gives reason to expect a combination of these classifier
to perform better than each classifier on its own.

Numerous theoretical and applied studies have been published
on kernel-based classification and especially on SVM. For an
overview of SVM in remote sensing, [35] is recommended and
some recent developments are found in [40]. A theoretical
overview of kernel-based classification in remote sensing is
given in [11]. Thorough comparisons of SVM, IVM, and RVM
are given in [8] and [29].

E. Multiple Classifier System

Three different kernel-based classifiers are employed. It
should be expected that each of them performs better by sepa-
rating some classes and worse by separating others [56]. Thus,
MCSs aim to improve classification accuracy after classification
by applying a fusion rule which combines the decision values
(i.e., votes) of the base classifiers (SVM, IVM, and RVM) [1].
Majority voting (MV) is one example of a fusion rule for a MCS
which assigns each pixel a new class label which corresponds to
the label most frequently assigned by the base classifiers. Fuzzy
MV (FMV) now fuzzifies MV in order to improve robustness
[41]. For each pixel, the posteriors of each of the

base classifier are rescaled to fuzzy membership
functions . Two thresholds and are defined and if

, if , and else .
Then, the fuzzy membership functions of the classifiers are
ranked by . represent the order of the th classifier
after ranking the fuzzy membership functions of the pixel, for
SVM, IVM, and RVM in a descending order. The fuzzy mem-
bership functions are then converted into weights by

New posteriors are computed according to sum of the weights
of the three classifiers . Thus,
truncates the left tail of the posteriors probability density func-
tion. Posteriors smaller than are considered irrelevantly small
and will be entirely ignored in the MCS4. similarly evaluates
the right tail. Posteriors larger than are considered as fully
relevant and thus set to 1. Herein, and are used.
Each classifier influences this function not only based on the
label it is assigned to the pixel, but also on its posterior probabili-
ty. According to these new posteriors, a combined class label is
assigned. Thus, FMV does not strictly decide on the basis of the
majority vote, neglecting the vote of the minority. Instead, it
permits each classifier to influence the combined class label
according to its posterior probability . These posterior

probabilities are fuzzified in order to compute a joint new
posterior . Thus, the minority may influence the
decision more strongly, if its confidence is very high and the
majorities confidence is low. Therefore, a superior performance
than for traditional majority voting is assumed.

MCSs are subject to intensive research in remote sensing. An
overview on theoretical and applied aspects is given in [1] and
[10]. Fuzzy majority techniques are used by [36] to unify the
decisions of a spectral spatial classification approach and by [51]
to unify statistical and neural classifiers in building extraction.

F. Conditional Random Fields

So far, the spatial context into which pixels are integrated is
exploited implicitly through the EMP. Although this implicit
representation is supposed to raise accuracy [2], [22], the ap-
proach has one drawback. The assignment of a class value to the
pixel is independent from class values of neighboring pixels.
Hence, further accuracy improvement can be achieved by con-
sidering a neighborhood around individual pixels classifying
each pixel in connectivity with its neighbor [31]. This approach
will support the classification in case when the EMP classifier
provides near equal potentials for pixel to have both classes

and . In this case, the label will be chosen based on
the labels of neighboring pixels. Conditional random field (CRF)
is a standard technique to model dependencies between the
random variables in stochastic problems [32]. It makes use of
a graphical representation of the data , where nodes
represent random variables, corresponding to each pixel; where-
as edges , which connect the nodes, represent interaction
between these random variables. The joint posterior can
be modelled through CRF as follows:

In (8), are the association potentials linking the
observations to the class label at pixel . are
the interaction potentials modeling the dependencies between
the class labels at two connected pixels and and the data . is
a normalizing constant, also called the partition function. On the
set of all edges for our task, we define the eight nearest
neighborhood systems and thus

N

The association potentials are related to the proba-
bility of a label taking a value given the data by

[31], where the image data are
represented by pixel-wise feature vectors that may depend
on all the observations . Note that both the definition of the
features and the dimension of the feature vectors may vary
with the dataset. We use posteriors of the MCS directly for the
association potentials. The interaction potentials
describe how likely the pair of neighboring sites and is to take
the labels given the data:

[31]. Our data-dependant definition
4 and can be arbitrarily chosen between as long as and

have been set and herein.
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of is obtained by applying a
penalization depending on the Euclidean distance

of the node feature vectors and .
CRFs have been successfully applied to remotely sensed data

by [30], [27], [54], and [26].

G. Entire Framework

The framework is composed of five phases in which the
complexity of the methods used is subsequently increased.

1) Phase 1: Basic classification using the spectral
information.

2) Phase 2: Classification using the spectral information and
EMP.

3) Phase 3: Classification using the spectral information and
EMP applying feature selection.

4) Phase 4: Application of the MCS to the results of SVM,
IVM, and RVM.

5) Phase 5: Application of the CRF to the results of MCS.
It is aimed to maximize discriminative potential in terms of

overall accuracy. Thus, the frameworks quality will be assessed
at each stage.

H. Quality Evaluation

Before applying the developed framework, each subset has
been manually classified by a human operator (the results of the
manual classification can be seen in Fig. 2). Due to the compu-
tational expense, not all labelled pixels are used in training. From
the manually classified image, a subset of 300 pixels were
randomly selected for training and another disjoint subset of
300 pixels was randomly selected for quality evaluation. To
compare the quality of the results, confusion matrices on the
basis of the control data are computed. There are various
definitions of quality in remote sensing and thus various indices
[23], [24]. Since [45] postulate that results in ecological applica-
tions to be at least 90% accurate, quality is assessed via the
overall accuracy (OAA). For the design of the framework, it is
further interesting to see the improvement in the OAA figure
between the two subsequent phases. For this purpose, the
increase in OAA is assessed through

, where and are the best results yielded
on a subset in each phase.

IV. RESULTS

Entire Landsat scenes are too large to be processed within a
convenient time when designing the framework. Hence, three
subsets are used (for classes and coloration, cf. Table I). The first
subset Su1 [cf. Fig. 2(a)] is chosen to focus on a mosaic of native
forest classes and exotic tree plantations at different stages. The
second subset Su2 [cf. Fig. 2(b)] covers the suburban, urban
classes, and classes near the shoreline. The third subset Su3
[cf. Fig. 2(c)] focuses on areas where forests, plantations, and
agricultural areas meet. All subsets are of size pixels.
It is assumed that these three subsets adequately cover the
complexity of the entire scenario. Quality evaluation is per-
formed as outlined in Section III-H and summarized in Table II.

A. Phase 1: Basic Classification Using Spectral Information

At first, spectral information is classified without the EMP.
The results are given in Fig. 2(g)–(i). Visual results show a rough
impression since they are strongly affected by salt-and-pepper
noise, which is most pronounced in Su1 and Su3. In Su3, the
agricultural areas in the south-center disappear almost entirely
between the plantation and agriculture classes. In the Su1, the
harvested area is mixed up with the plantation classes. In Su2,
native forests in the south are very much mixed up with planta-
tions which surround them. For each subset, only unsatisfactory
OAA values could be yielded (cf. Table II). However, traditional
classifiers such as MLC perform worse than modern classifiers.
Although hardly used in the pattern recognition community, the
MLC is still employed in some applied remote-sensing studies
[20]. The values show that modern pattern recognition
techniques yield significant advantages.

B. Phase 2: ClassificationUsing Spectral Information and EMP

Next, the EMP is amended to the dataset using the kernel
composition. No feature extraction was performed before
classification. The classification results of SVM are given in
Fig. 2(j)–(l). In contrast to the results presented in Section IV-A,
the classification results are much smoother and less affected by
salt-and-pepper noise. This is most obvious for Su1, e.g., in the
large plantation (type 3) in the center or in the south, in the
harvested area in the west, and the forested areas in the south-
east. It should be noted that besides smoothing (in the sense of
removing single pixels of one class within large areas of other
classes), the areas seem to be better ordered. Large areas of a
certain class are much more coherent than in the previous result.
This can be observed most clearly for the agricultural classes in
the south-center of Su3 and the forest classes in Su3. The same
accounts for the large forest areas in the center of Su1 or the area
below the city in Su2. As the values in Table II point out,
the EMP thus significantly improves the performance of the
framework.

C. Phase 3:ClassificationUsing Spectral Information andEMP
Applying Feature Selection

We applied feature extraction methods described in
Section III-B. For Su1, 208 features from the EMPwere selected;
for Su2, 180 were selected; and for Su3, 188 features were
selected. Visual results are not shown since the performance
gains are only slight for two of three results. As the values
in Table II make clear, the feature selection improved the results
significantly on Su3 but not on Su1 and Su2. However, giving
explanations for this improvement on the basis of three results is
not reasonable.

D. Phase 4: Application of the MCS to the Results of SVM, IVM,
and RVM

In the next phase, the decision outputs were fused with the
MCS based on the FMV. We fused the best results based on
kernel composition of each of the three classifiers. Again, visual
results are not shown since performance gains are hardly visible
in the images. According to the , the MCS thus brought a
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Fig. 2. Left: forestry subset (Su1), Center: semi-urban subset (Su2), and Right: agricultural subset (Su3). First row: truecolor visualization. Second row: result of
manual classification (reference). Third row: initial classification (SVMon spectral data only), Fourth row: classification after adding EMP (SVM), and Fifth row: final
classification (entire framework).
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slight improvement for all subsets. Again, the improvement on
Su3 is most pronounced.

E. Phase 5: Application of the CRF to the Results of MCS

Next, the CRF is applied on the dataset. The posteriors of the
MCS are used as the association potential of the CRF. Visual
results are given in Fig. 2(m)–(o). The CRF produces a remark-
able homogenization of the classification result. Salt-and-pepper
noise is entirely suppressed. Furthermore, areas with identical
land use are aggregated to large regions in the images. Although
some details are lost—e.g., the roads or small assemblages of
trees—these results best describe the land use at the landscape
level. The benefits of the CRF can also be seen in the quantitative
results. TheCRF thus produces significant performance gains for

each subset. The most pronounced gain was observed for Su1—
the subset with the lowest accuracy value after the fourth phase.
Note that on the other subsets, similar gains as for Su1 are not
possible after the fourth phase since the 100% limit would be
exceeded.

V. DISCUSSION

Significant total OAA improvements—i.e., the
values—are observed. The performance of the framework ex-
ceeds by far the performance of the MLC classifier which is still
used in some studies [20]. For Su1, an improvement of

is observed. For Su2, the improvement is
and for Su3, . Thus, for

all subsets, performance gains are at least close to 20%pts or even
higher.All results are close to the 90%OAAclaimof [45] or even
surpass it. It is interesting to see at which phases performances
are raised. The biggest gain for all subsets comes from using the
spatial context. The second biggest gain comes from the appli-
cation of the CRF. The two final phases of the framework (MCS
andCRF) raise accuracy significantly beyond base classification.
The values are for Su1,

for Su2, and for Su3. These circum-
stances are visualized in Fig. 3which plots the accuracy gained at
each phase of the framework as a percentage of the final accuracy
yielded for that subset. During phase 3, only Su3 is significantly
improvedwith respect to the accuracy yielded by phase 2 (EMP).
However, the feature selection step in phase 3 improved the
computation time. Training on the full EMP was prolonged on
average by the factor 1.04 for SVM, 1.14 for IVM, and 1.10 for
RVM. Evaluating which features performed best, few conclu-
sions can be drawn. For each subset, every image channel, every

Fig. 3. Accuracy (OAA) yielded at each phase of the framework as percentage
of the total OAA yielded for the respective subset. Vertical axis is scaled to
[70, ,100]%.

TABLE I
LEGEND FOR THE CLASSIFICATION RESULTS SHOWN IN FIG. 2

✓ indicates that a class is defined in subset Su1, Su2 or Su3 and indicates that
this class is not defined in the respective subset.

TABLE II
OVERALL ACCURACY (OAA) VALUES DURING THE FRAMEWORKS PHASES (P)

SC: spectral information, SP: spatial information (EMP), F.E.: feature extraction,
D.F.: data fusion, CC: concatenation, KC: kernel composition (D: DSUM, W:
WSUM, and P: PROD). Boldface figures indicate the result that causes an
improvement to the previous phase value.
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criterion, and every value contributed to the features selected
by the forward selection. Thus, no features can be excluded a
priori. Hence, the EMP needs to be fully computed with all
features. Concerning the feature selection, it is shown that reduc-
ing redundant features improves accuracy. Only one result (IVM
on Su1) yielded a higher accuracy (0.1%pts.) with the full EMP
than with the JMD selected EMP. As expected, selecting features
on the basis of JMD is superior to PCA. All JMD results are
superior to PCA.Furthermore, the PCA is superior to using the full
profile for only four results (all results on Su3 and the RVM on
Su2). Thus, the rotating features by PCA deteriorates the accuracy
for most cases—confirming the conclusions of [14]. There is no
clear tendency with respcect to the best classifiers. The SVM,
IVM, and RVM all contribute to the relatively best results at each
phase (boldface letters in Table II). However, not all results that
have been produced during the algorithm development are shown.
Relevant are the results at phase 3—the final base classification
phase. We identified the three best results during this phase. For
Su1, it is SVM-WSUM, IVM-WSUM, and IVM-PROD. For Su2,
it is SVM-WSUM, IVM-DSUM, and IVM-PROD and for Su3, it
is IVM-DSUM, IVM-WSUM, and IVM-PROD. Thus, the RVM
is never represented in the best results of phase 3 and all but two of
the best results are yielded by IVM. Similar results are found with
respect to the best kernel composition type. DSUM, WSUM, and
PROD are all represented in the best results at each phase.
However, for the best results during the base classification phase,
most results are yieldedbyWSUMand twobyDSUM.ThePROD
contributes three results which all yield the third rank. The optimal
weight parameters chosen for WSUM varied between
and . For the framework, three different classifiers (SVM,
IVM, and RVM) and three different kernel composition ap-
proaches for data fusion (DSUM, WSUM, and PROD) are
evaluated. Therefore, nine results are available for each subset.
In total, the difference between the accuracy values yielded are
rather small. The standard deviation of OAA is
for Su1, for Su2, and for Su3. It is further
interesting to see which classifiers performed best. The SVM–

WSUM approach yielded the highest accuracy values for each
subset (cf. Table II). Furthermore, it is assessed that kernel
composition type performed best on each classifier. Frequently,
the best fusion type isWSUM.Only two exceptions are observed.
For Su1, the PROD performed better than WSUMwith IVM and
RVM (cf. Table II). Concerning the data fusion type, kernel
composition is superior to concatenation. No concatenation result
outperformed the respective kernel composition result. The
values for and account for this finding.

holds for only two of nine results in Phase 3
(Su1-IVM and Su1-RVM). For the seven other results, both
differed significantly (e.g., and for Su3-
SVM). Hence, tuning a particular kernel on each data source
improves the results.

VI. CONCLUSION AND OUTLOOK

A framework for yielding highly accurate land-use maps in
moderate spectral and spatial resolution data is proposed. The
accuracy values on three subsets of an entire deforestation

monitoring scenario in Chile are improved between 19.9%pts
and 26.6%pts. Major improvements are achieved by computing
context features based on mathematical morphology. Further
improvements are achieved by combining three base classifiers
(SVM, IVM, RVM) to a new decision using an MCS and
postprocessing the result using a CRF. No definite decision can
bemadewhich classifier is best. However, SVMand IVM tend to
perform better than RVM. It can be concluded that the accuracy
gains are achieved by additional features and combining and
postprocessing the classifiers results. The framework is ready to
be applied for land-use change assessments and deforestation
monitoring scenarios.
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