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Abstract
Land cover classification plays a key role for
various geo-based applications. Many approaches for
the classification of remote sensing data assume the
features of neighboring image sites to be conditionally
independent. However, using spatial and temporal
context information may enhance classification
accuracy. Conditional Random Fields (CRF) have the
ability to model dependencies not only between the
class labels of neighboring image sites, but also
between the labels and the image features. In this work
we present a novel approach for multitemporal
classification in high resolution satellite imagery using
CRF that is based on an extension of the CRF model
by a time-dependant component. The potential of our
approach is demonstrated using a set of two Ikonos
and one RapidEye scenes of a rural area in Germany.

1. Introduction
With the increasing number of high resolution
optical remote sensing satellites there is a higher
availability of multitemporal image data. These data
can be used for enhancing the classification accuracy
and for analyzing land cover changes. However, up to
now most approaches for multitemporal land cover
analysis do not make use of temporal dependencies, but
derive their results by some kind of difference measure
between the monotemporal classification results of
different epochs [1]. In contrast [2] models temporal
dependencies by Markov chains for detecting land
cover transitions in Landsat images, but spatial context
is not taken into account. Bruzzone et al. [3] use a
cascade of three multitemporal classifiers, one of them
considering the k nearest neighbors of each pixel. In [4]
the Markov Random Field (MRF) framework is
extended by a temporal energy term based on a

transition probability matrix in order to improve the
classification results for two consecutive images. The
interaction between neighboring image sites (pixels or
segments) in MRFs is restricted to the class labels,
whereas the features extracted from different sites are
assumed to be conditionally independent.
This restriction is overcome by Conditional
Random Fields (CRF) [5]. They provide a
discriminative framework that can also model
dependencies between the features from different
image sites and interactions between the labels and the
features. In remote sensing CRF have been used for the
classification of settlement areas in high-resolution
optical satellite images [6, 7] and for generating a
digital terrain model from LiDAR [8].
In this work we present a novel approach for
multitemporal classification of high resolution optical
remote sensing data that is based on an extension of the
CRF concept by an additional temporal interaction
potential. Using this temporal model, we classify a set
of M multispectral images simultaneously, which
should increase the accuracy and reliability of the
results while still allowing for changes in land cover
between the individual epochs. No existing land cover
map is required. In contrast to [6, 7] we consider a
multi-class problem. The approach is demonstrated for
a set of three multispectral images.

2. The Conditional Random Field model
In many classification algorithms the decision for a
class at a certain image site is just based on information
derived at the regarded site, where a site might be a
pixel, a square block of pixels in a regular grid or a
segment of arbitrary shape. In fact, the class labels and
also the data of spatially and temporally neighboring
sites are often similar or show characteristic patterns,
which can be modeled using CRF. In monotemporal
classification, we want to determine the vector of class

labels x whose components xi correspond to the classes
of image site i ∈ S from the given image data y by
maximizing the posterior probability P(x | y) [5]:
P(x y) =
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In Equation 1, Ni is the spatial neighborhood of
image site i (thus, j is a spatial neighbor to i), and Z is a
normalization constant. The association potential Ai
links the class label xi of image site i to the data y,
whereas the term Iij, called interaction potential,
models the dependencies between the labels xi and xj of
neighboring sites i and j and the data y. The model is
very general in terms of the definition of the functional
model for both Ai and Iij; refer to [5] for details.
In the multitemporal case, we have M co-registered
images. The components of the image data vector y are
site-wise data vectors yi consisting of M components
yit, where yit is the vector of the observed pixel values
at image site i at epoch t ∈ T and T = {1,… M}. The
components of x are vectors xi = [xi1,… xiM]T, where xit
describes the class of image site i at epoch t ∈ T. For
each image site we want to determine its class xit for
each time t from a set of pre-defined classes. In order
to model the mutual dependency of the class labels at
an image site at different epochs, the model for P(x | y)
in Equation 1 has to be expanded:
P(x y) =
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In Equation 2, yt and yk are the images observed at
epochs t and k, respectively. The association potential
Ait is identical to Ai for epoch t in Equation 1. The
second term in the exponent, ISijt, is identical to Iij for
epoch t in Equation 1, but it is called spatial
interaction potential in order to distinguish it from the
third term in the exponent, the temporal interaction
potential ITitk. Ci is the temporal neighborhood of
image site i at epoch t, thus k is the time index of an
epoch that is a “temporal neighbor” of t. The temporal
interaction potential models the dependency of class
labels at consecutive epochs and the observed data. To
our knowledge, such a time-dependant term has not yet
been used with CRF. The image sites are chosen to be
square blocks of pixels in a regular grid with side
length s. We model the CRF to be isotropic and
homogeneous, hence the functions used for Ait, ISijt and
ITitk are independent of the location of image site i.

The association potential Ait(xit, yt) is related to the
probability of label xit given the image yt at epoch t by
Ait(xit, yt) = log{P[xit | fit(yt)]}. The image data are
represented by a site-wise feature vector fit(yt)
(section 3) that may depend on the whole image at
epoch t, e.g. by using features at different scales in
scale space [5]. We use a simple Gaussian model for
P[xit | fit(yt)] [9]:
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In Equation 3, Efct and Σfc are the mean and covariance matrix of the features of class c, respectively.
They are determined from the features fit(yt) in training
sites individually for each epoch t and each class c. If a
semantic class corresponds to several clusters in
feature space, we apply a Gaussian mixture model [9].
In this case, expectation maximization (EM) [9] is used
to determine the individual clusters and their statistical
parameters (mean and covariance matrix). The model
in Equation 3 is used for all n individual clusters, and
the sites assigned to one of these clusters in the
classification stage are merged in post-processing.
The spatial interaction potential ISijt is a measure
for the influence of the data yt and the neighboring
labels xjt on the class xit of site i at epoch t. The data are
represented by site-wise vectors of interaction features
μijt(yt) [5]. We use the component-wise differences of
the feature vectors fit(yt), i.e. μijt(yt) = [µij1t, … µijRt]T,
where R is the dimension of the vectors fit(yt),
µijkt = |fikt(yt) – fjkt(yt)|, and fikt(yt) is the kth component
of fit(yt). Introducing β as a weighting factor for the
influence of the spatial interaction potential in the
classification process, ISijt is modeled as:
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In Equation 4, ||µijt(yt)|| is the Euclidean norm of
This is a very simple model that penalizes local
changes of the class labels if the data are similar. The
only model parameter is β. It could be determined from
training data if fully labeled training images were
available, but currently it is defined by the user. The
neighborhood Ni of image site i over which ISijt has to
be summed in Equation 2 consists of the four
neighboring image sites in a regular grid.
µijt(yt).

The temporal interaction potential ITitk models the
dependencies between the data y and the labels xit and
xik of site i at epochs t and k. In general ITitk can be
modeled similarly to ISik by penalizing temporal
change of labels unless it is indicated by differences in
the data. However, a more sophisticated functional
model would be required due to different atmospheric
and lighting conditions and due to seasonal effects on
the vegetation. In this paper, we use a simple model
that neglects the dependency of ITitk from the data:

(
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In Equation 5, γ is a weighting factor. TM is a
temporal transition matrix similar to the transition
probability matrix used in [3] with TM(ct, ck) =
P(ct | ck) for t ≥ k. That is, the elements of TM are the
conditional probabilities of an image site belonging to
class ct at epoch t if it belonged to class ck at epoch k.
The temporal neighborhood Ci of xit is chosen to
contain the two elements xit-1 and xit+1. The parameters
of the model in Equation 5 are the weighting factor γ
and the elements of TM. They could be estimated from
training data, but this would require a large amount of
multitemporal data, which is not at our disposal.
Hence, both γ and TM are set by the user. TM is not
symmetric, because some changes are more likely than
others (e.g. farmland to settlement and vice versa). It
also has to model the fact that change is not a very
likely event. We apply a bidirectional transfer of
temporal information instead of a “cascade” approach
that hands information from one image to the next in a
sequence [3].
Exact inference is computationally intractable for
CRF [5]. In [10], several methods for parameter
learning and inference are compared. In this paper we
use Loopy-Belief-Propagation (LBP) [10], which is a
standard technique for performing probability
propagation in graphs with cycles.

3. Features
The elements of the site-wise feature vectors fit(yt)
used both for the association and the interaction
potentials must be defined such that they can help to
discriminate the different classes. We use two groups
of features, namely gradient-based features and colorbased features. The three gradient-based features are
derived from a weighted histogram of the gradient
orientations. We use the mean and the variance of
these orientations along with the number of bins with
values above the mean. These features allow a good
distinction between textured and homogeneous areas.
For the color-based features we carry out an IHS

transformation. The hue channel turned out to be most
suitable for our task. Following the strategy proposed
in [9] for periodic variables, we introduced two
features for the mean hue, namely Hx=1/n∑cos(hue)
and Hy=1/n∑sin(hue). Moreover the variance of the
hue was chosen. These altogether six features are
computed at three different scales λ1, λ2 and λ3. At
scale λ1, they are computed only from the pixels inside
the image site i (a box of s x s pixels), whereas at scale
λ2 and λ3 the pixels in a square of size 2 · s and 3 · s,
respectively, centered at the centre of image site i, are
taken into account. In this way, dependencies between
the image data of neighboring sites are modeled.
Overall the site-wise feature vectors fit(yt) thus consist
of 18 elements. The values for each feature are
normalized so that they are in the interval [0, 1].

4. Experiments
For our experiments we used the RGB bands of two
multi-spectral Ikonos scenes from 2005 and 2007 with
4 m resolution and one RapidEye scene from 2009
with 5 m resolution of a rural region near Herne,
Germany. Two areas having a similar type of land
cover were cut out of the scenes. One of these areas,
covering an area of 2.4 x 2.4 km2, was used as training
area whereas the other one of 4.1 x 3.4 km2 served as
test area. Ground truth was obtained by manually
labeling these areas on a pixel-level. The classes to be
distinguished are settlement (set), industrial areas (ind),
forests (for), and cropland (crp). The size s of an image
site was selected to be 6 pixels, so the test area
consisted of 23.800 sites. An image site was labeled by
a majority vote of its pixels. Whereas the association
potential for the first three classes could be modeled by
the simple Gaussian model, class crp showed different
appearance for tilled and untilled areas. Thus, a
Gaussian mixture model was applied to subdivide this
class into two components using EM (cf. Section 2).
The temporal transition matrix TM used in our
experiments is shown in Table 1. The weighting factors
were set to β = 1.5 and γ = 15. The image sites of the
test area were classified by maximizing P(x | y) using
LBP.
Table 1. Temporal transition matrix (TM*5.05)
xit+1 = set xit+1 = ind xit+1 = for xit+1 = crp
t
xi = set
1
0.05
0.05
0.05
xit = ind
0.05
1
0.05
0.05
xit = for
0.1
0.1
1
0.1
xit = crp
0.2
0.2
0.05
1
To evaluate our multitemporal CRF classification
results, all image sites were also classified applying

Maximum-Likelihood
(ML)-Classification
and
monotemporal CRF classification. Applying CRFmulti
significantly increases the classification accuracy for
all epochs, not only in comparison to ML but also to
CRFmono, especially for the 2009 RapidEye data
(Table 2). Figure 1 shows one section of approx. 900
sites as an example. It becomes obvious, that the noisy
appearance of the ML-classification is eliminated.
Most of the misclassified sites (Table 3) are caused by
the following reasons: The distinction between
settlement and industrial areas is hard since both have a
similar appearance. Farms that usually consist of some
houses and trees were labeled as settlement, but in
most cases are classified as forest. Main roads were
labeled as settlement, but in many cases these
elongated objects were oversmoothed by the spatial
interaction potential. In the last case a more
sophisticated model is needed.
Table 2. Accuracy / kappa coefficients
ML
CRFmono
CRFmulti
t1 (2005)
t2 (2007)
t3 (2009)

73.6 % / 0.61
75.8 % / 0.64
67.4 % / 0.52

80.8 % / 0.71
82.2 % / 0.72
75.0 % / 0.62

82.7 % / 0.73
83.2 % / 0.74
79.6 % / 0.68

Table 3. Confusion matrix for t2 (2007)
xilab = set xilab = ind xilab = for xilab = crp
xi = set
9003
309
271
119
xi = ind
574
666
84
79
xi = for
954
75
1863
565
xi = crp
329
12
627
8270

Figure 1. Ground truth overlayed to 2005 image
(left), results of ML (mid.) and CRFmulti (right) for
2009; Red/blue/green/transp.: set/ind/for/crp.

5. Conclusion and Outlook
We have presented a new multitemporal CRF-based
approach for land cover classification in high
resolution optical satellite imagery. The framework

allows incorporating spatial and temporal context
information. Our results are quite promising, even
more so because they were achieved using only a small
set of features and relatively simple models for the
interaction potentials. Further research will concentrate
on the applicability of the model on data of different
scales, which requires an appropriate selection of
different features for the epochs and a more advanced
temporal model, and on testing non-Gaussian models.
Moreover the CRF framework should use the results of
a preliminary segmentation in order to obtain a more
precise determination of the class boundaries.
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