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Abstract

To improve the performance of pixel-wise classification
results for remotely sensed imagery, several contextual clas-
sification schemes have been proposed that aim at avoid-
ing classification noise by local averaging. These algo-
rithms, however, bear the serious disadvantage of smooth-
ing the segment boundaries and producing rounded seg-
ments that hardly match the true shapes. In this contribu-
tion, we present a novel contextual classification algorithm
that overcomes these shortcomings. Using a hierarchical
approach for generating a triangular mesh, it decomposes
the image into a set of polygons that, in our application,
represent individual land-cover types. Compared to clas-
sical contextual classification approaches, this method has
the advantage of generating output that matches the intu-
itively expected type of segmentation. Besides, it achieves
excellent classification results.

1. Introduction

Due to the broad variety of operational sensors, the rel-
evance of remotely sensed data for region planning, agri-
culture, or forestry constantly increases. For these appli-
cations, the typical problem setting is to segment a given
image into homogeneous segments that correspond to pre-
defined land-cover types. When analyzing images from
multispectral sensors like the popular Landsat TM system,
common classification approaches extract the spectral char-
acteristics of each individual pixel and independently de-
cide about its class assignment. Often, an approach like this
already produces acceptable classification results. When
trying to recognize a large collection of highly specific land-
cover types, however, the spectral properties of these classes
usually exhibit a significant overlap. This may cause ad-
ditional uncertainty and will typically result in very noisy
classification results. In this case, post-processing strategies
commonly known ascontextual classification approaches
can be applied, which basically average the pixel-wise clas-
sification results over a local neighborhood window. In the

easiest case, this is done by applying a simple majority fil-
ter [9]. More elaborated approaches formulate an explicit
Markov random field (MRF) model [1] or seek to encode
the notion of what is usually regarded as an intuitively good
segmentation result [6]. The smoothing effect of a contex-
tual classification provides a substantial noise reduction in
the decision process and can thus lead to significantly in-
creased classification performances. On the other hand, any
local averaging can conceal small details of the images, and
it can also deteriorate the classification performance at the
segment boundaries. It also tends to generate segments with
a round shape, even though – at least in central European
countries – agricultural fields and private or industrial es-
tates are commonly known to feature polygonal boundaries.
Furthermore the segmentation results should preferably be
delivered in a format that can easily be integrated into con-
ventional geo-information systems (GIS) to support a sys-
tematical administration of the acquired knowledge. In this
regard, many conventional image segmentation algorithms
are inadequate, as they generate arbitrarily shaped segments
that can hardly be matched to the piecewise linear region
boundaries used in GIS.

In this paper, we present a novel contextual classifica-
tion approach which explicitly makes use of the knowledge
that field boundaries should have a polygonal shape. The
related generative image model encodes a probabilistic de-
pendency between the local area membership of a pixel and
the class label it receives from the classifier. The resulting
cost function essentially measures the conditional entropy
of the class labels and has concavity properties that moti-
vate a greedy optimization strategy. We, therefore, suggest
an algorithm that iteratively inserts vertices into a triangular
mesh and continuously re-optimizes their position. To avoid
overfitting and to effectively control multiscale variants of
the algorithm, a model selection criterion based on Sanov’s
theorem [2] is derived. It determines when the decrease of
the costs can also be explained by noise, and in this case it
stops any further mesh refinement. This criterion has sim-
ilar effects as the heuristically chosen Lagrangian param-
eters used in variational approaches (e.g. Mumford Shah
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Figure 1. Abstract generative model describ-
ing the image formation process.

energy based segmentations [8]), but, in addition, it offers
a clear statistical interpretation, which makes it applicable
to a broad variety of model selection problems far beyond
the one described here. Likewise, extensions of the polyg-
onalization strategy to other generic boundary types appear
possible with the same general methodology.

Section 2 introduces the generative model assumed for
the image formation process, it derives the corresponding
cost function, and it illustrates its fundamental properties.
Section 3 describes the basic segmentation algorithm, while
its multiscale variant and the statistical framework to avoid
overfitting are presented in section 4. Section 5 presents
experimental results for a Landsat TM image.

2 Cost Function

Following a Bayesian approach [7], the classified image
is assumed to be the result of a purely stochastic process,
which can be described by the generative model shown in
fig. 1: First an image siteoi is selected according to a dis-
tribution p (oi) which is typically uniform over all possible
pixel positions. The selected siteoi is located in an area
aλ = a (oi), which corresponds to a coherent region of ho-
mogeneous land-usage. This area information alone influ-
ences the spectral properties of the remotely sensed image
at this site, which in turn triggers a certain class assignment
cµ = c (oi). The whole process, therefore, crucially de-
pends on the conditional distributionp (cµ|aλ), and can be
formalized by the key equation

p (oi, cµ|aλ) = p (oi) · p (cµ|aλ) . (1)

The learning problem amounts to optimizing the estimator
â (o) which estimates the latent variablea (o) by assigning
each pixeloi to a polygonâ (oi). Of course, the criterion
(1) should also be met if the true area functiona (o) was
replaced by its estimatêa (o):

p (oi, cµ|âν) = p (oi) · p (cµ|âν) . (2)

According to [3], the optimization of̂a (o) should aim at
maximizing thecomplete data likelihoodL. Assuming that

all image sites are linearly independent,L can be written as

L =
∏

i

p (oi, c (oi) |â (oi)) · p (â (oi)) . (3)

Inserting (2), we obtain

L =

(∏
i

p (oi)

)
·

(∏
i

p (c (oi) |â (oi)) p (â (oi))

)
∝

∏
µ,ν

(p (cµ|âν) p (âν))n(cµ,âν)
, (4)

where
∏

i p (oi) has been omitted as a constant factor, and
n (cµ, âν) denotes the number of occurrences that a pixel
with valuecµ is assigned to polygon̂aν . Assuming that the
image is sufficiently large,n (cµ, âν) will be proportional to
p (cµ, âν), which leads to

− logL ∝ −
∑
µ,ν

p (cµ, âν) log (p (cµ|âν) · p (âν))

= −
∑
µ,ν

p (cµ, âν) log p (cµ|âν)

−
∑

ν

p (âν) log p (âν) . (5)

The log-likelihood is thus composed of two parts: the first
part is theconditional entropyof the pixel valuesoi given
their assignments to polygonsâ (oi). The second part is the
entropyof the a-priori distribution for the polygons. In or-
der to avoid any prior assumptions on the size of individual
polygons, this second part can be discarded, leaving

H (â) = −
∑
µ,ν

p (cµ, âν) log p (cµ|âν) (6)

as the final cost function.
From an information-theoretic point of view, this cost-

function is highly intuitive [2]. As we have assumed that the
true areasaλ are rather homogeneous, the membership of a
pixel oi to an areaa (oi) should provide a reliable hint about
its valuec (oi). The conditional entropy ofc (o) givena (o)
measures the level of uncertainty aboutc (oi) under the as-
sumption that we know the assignments of pixelsoi to areas
a (oi). It should thus be small. Therefore, if there is a good
correspondance between the two functionsa (o) andâ (o),
the conditional entropy ofc (o) given â (o) should be small
as well. If a (o) and â (o) differ significantly, however, it
will be more difficult to predictc (oi) from â (oi), and the
conditional entropyH (â) will increase.

For a given class-label imagec (o) and a corresponding
segmentation̂a (o), the cost function (6) can easily be eval-
uated by just counting class labels in each segment and re-
placing probabilities by relative frequencies. Apart from
that, eq. (6) has the following interesting property that make
it a particularly suitable choice for this task.
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0â
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Figure 2. (a) Initial mesh and (b) refinement of
the mesh by placing a new vertex v3 into an
existing triangle (v0, v1, v2).
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Figure 3. (a) The movement of vertex v is re-
stricted to a convex polygon (shaded area).
(b) Swap-operation for degenerated triangles.

Note that intuitively, the quality of a segmentationâ (oi)
crucially depends on the probability distributionp (â, a): If
p (âν , aλ) takes boolean values for all pairs(âν , aλ) , then
we have an exact correspondance between the true images
segments and the ones found by the algorithm. Otherwise
the surface of the true segments will be spread over several
approximated segments and vice versa, which would be re-
garded as a less satisfactory solution. In fact, (6) can easily
be rewritten as a function ofp (âν , aλ):

H (p (âν , aλ)) = −
∑
µ,ν

(∑
λ

p (cµ|aλ) p (âν , aλ)

)

· log
∑

λ p (cµ|aλ) p (âν , aλ)∑
λ p (âν , aλ)

. (7)

Applying Jensen’s inequality [2], it can then be shown that
(6) is a concave function ofp (â, a). This motivates the ap-
plication of a greedy algorithm that minimizes (6) by choos-
ing the locally best solution, as described in section 3.

3 Optimization

In order to implement our expectation of piecewise lin-
ear field boundaries, the image decompositionâ (o) is rep-
resented by a triangular mesh. By fusing adjacent triangles
that share a common class dominance, such a mesh can fi-
nally be transformed into a set of polygons that correspond
to areas of homogeneous land-cover. For its optimization, a
hierarchical strategy is used: Starting with 4 adjacent trian-
gles that cover the whole image surface, the mesh is itera-
tively refined by inserting new vertices into it. Doing so, in

each refinement step an existing triangle is replaced by three
successors, as demonstrated in fig. 2 (a). Once a new vertex
vλ has been inserted, the algorithm scans a small window
around it and then movesvλ to the position which is opti-
mal in terms of the cost function (6). To do this, one has to
evaluate its cost contribution

ĥ (vλ) =
∑

âν∈A(vλ)

ĥ (âν) , (8)

which amounts to summing up all partial costs

ĥ (âν) = −
∑

µ

n (cµ, âν) log
n (cµ, âν)∑
µ′ n (cµ′ , âν)

(9)

of its incident triangleŝaν ∈ A (vλ). To ensure that the
mesh preserves a valid topology, the movement of the ver-
tex has to be restricted to the interior of the convex polygon
that is formed by the straight lines connecting its adjacent
vertices (fig. 3). If it approaches the polygon boundary so
closely that one of its incident triangles degenerates to a
straight line, a swap-operation according to fig. 3 (b) may
re-establish a valid mesh topology and thus permit a con-
tinuous movement of the vertex into an arbitrary direction.
The movement is stopped when a local minimum ofh (vλ)
is found, i.e. the optimal position ofvλ given the position of
its neighbors. As any change ofvλ affects the partial costs
of all triangles around it, oncevλ has reached this position,
all adjacing vertices are inserted into a queue from which
they are iteratively extracted for further optimization.

As conditioning reduces the entropy [2], neither split-
ting a triangle nor swapping a boundary edge of a degen-
erated triangle can increase the cost function (6). In con-
trast, increasing the costs by dynamic adaptations of the
mesh is possible in principle. It is, however, counteracted
by the above optimization strategy, which restricts local ver-
tex movements to those positions where the partial costs (8)
effectively decrease. In general, a greedy approach like this
poses the risk of getting stuck in local cost minima, but here
it seems acceptable due to the concavity of the cost func-
tion.

After the optimization is finished for a fixed set ofk ver-
tices, a triangle has to be selected which is subdivided next.
To achieve a fast convergence of the algorithm, it should
preferably split triangles where a maximum decrease of the
cost function can be expected. Revisiting (9), the triangle
âν generates the partial costs

ĥ (âν) = −
∑
i∈âν

∑
µ

δc(oi),cµ
log

∑
j∈âν

δc(oj),cµ

|âν |
. (10)

Basically, this formula is a sum over all pixels which are lo-
cated in trianglêaν . For each such pixel, the log-probability
of its respective class label is added, which is computed



from the empirical class label distribution of the triangle.
After an iterated fragmentation of̂aν into small disjunc-
tive parts, the area previously covered byâν will consist
of a set of small sub-triangles which more or less form a lo-
cal neighborhood around their central pixel. ByNi denote
this neighborhood around pixeloi. The overall costs of the
whole set of sub-triangles can thus be computed from

h̃ (âν) = −
∑
i∈âν

∑
µ

δc(oi),cµ
log

∑
j∈Ni

δc(oj),cµ

|Ni|
. (11)

The expected energy decrease is therefore proportional to
ĥ (âν) − h̃ (âν), which can be used to select the most
promising candidate, as long as a further mesh refinement
is statistically justified.

In a way, the algorithm described here can be seen in the
long tradition of split-and-merge algorithms [5], since it it-
eratively proceeds from coarse to fine. It should be stressed,
though, that the successive splits are mainly needed to
achieve additional flexibility. At each level of granularity,
the mesh retains the full capability to dynamically adapt its
structure, so that the solution withn + 1 vertices is not just
a strict subdivision of the previous,n-vertices solution.

4 Mesh Validation on Multiple Scales

One central question of all image segmentation is up to
which level of granularity a partition of the image can still
be justified, i.e. at which number of segments the algo-
rithms will start to describe the noise instead of the struc-
ture. When developing a multiscale approach for the con-
text sensitive classification algorithm described in section 3,
this question arises at two different stages: First, we have to
investigate at which particular optimization stage the suc-
cessive splitting of triangles has to be stopped, i.e. at which
level of granularity the risk of overfitting will become seri-
ous, so that the segmentation process should rather be ter-
minated. Second, we have to decide when to switch from
one scale to the next, i.e. when the resolution scale is too
crude to permit any further optimization. This question is
central to many computer vision problems, and the solution
proposed here is transferable to many of them.

As a general framework for model selection, the follow-
ing validation scheme is suggested: At each time stept,
it is assumed that the actual image modelpt (c, â) is cor-
rect. Nevertheless, the model is refined further by splitting
one of its triangles and applying the optimization algorithm
described in section 3. As a result, a modelpt+1 (c, â) is
obtained, for which a cost valueH∗ is measured.pt+1 will
be slightly more complex than the original modelpt (c, â),
as it typically contains two more triangles. On the other
hand,H∗ will be smaller (at least not greater) than the cost
value measured forpt (c, â). Now letPr (H = H∗) denote

the probability that the previous modelpt (c, â) also gener-
ates an image which evokes these smaller costsH∗. If this
probability is above a thresholdpstop, i.e. if it is very likely
that an image generated by the former modelpt (c, â) would
also evoke this cost value, then the observed cost difference
provides no plausible reason to prefer the modelpt+1 (c, â)
over the other. In the spirit of Occam’s razor [12], the less
complex modelpt (c, â) should be chosen in this case: The
optimization process would thus be stopped, or in a multi-
scale scenario would switch to the next resolution level in
order to obtain more reliable probability estimates. If, how-
ever, Pr (H = H∗) is smaller thanpstop, then the model
pt+1 (c, â) could be regarded as being correct, and the re-
finement process would re-iterate.

The central goal, therefore, is to obtain a reliable es-
timate of Pr (H = H∗). This estimation can efficiently
make use of the so-calledtheory of types[2], which aggre-
gates images with identical segment sizesp̂ (âν) and class
label histogramŝp (cµ| âν) into a common family ortype.
According to Sanov’s theorem [2], the probability that the
modelpt (c, â) generates an image with costsH∗ can be
approximated by

Pr (H = H∗) ≈ 2−nD(q∗‖p) . (12)

Hereq∗ is the type of images that, among all images with
cost valueH∗, has a minimal KL-distance

D (q∗||pt) =
nc∑

µ=1

nâ∑
ν=1

q∗ (cµ, âν) log
q∗ (cµ, âν)
pt (cµ, âν)

(13)

from the modelpt (c, â). By determining the necessary op-
timality conditions, it can be shown that

q∗ (c, â) = pt (â) · q∗ (c| â) (14)

must be composed of class-label histogramsq∗ (cµ| âν) that
match the following parametric form:

q∗ (cµ| âν) =
pt (cµ| âν)β

Zν
. (15)

The normalization factor

Zν =
nc∑

µ=1

pt (cµ|âν)β (16)

ensures thatq∗ (cµ| âν) is in fact a probability distribution.
The estimation problem therefore reduces to finding the

correct value ofβ at which the cost valueH∗ is really met.
For this purpose, the reader should notice thatβ takes the
role of an inverse temperature in annealing algorithms [4]:
For smallβ, pt (cµ| âν)β

/Zν approximates a uniform dis-
tribution with maximal entropy. Forβ → ∞, it degen-
erates to a delta distribution. Accordingly, the entropy of



before postprocessingafter postprocessing
1-NN 82.6%(κ = 79.5%) 87.5%(κ = 85.2%)
3-NN 83.9%(κ = 81.0%) 90.9%(κ = 89.1%)
SVM 85.4%(κ = 82.8%) 91.4%(κ = 89.9%)

Table 1. Performance gain measured on the
test set ( κ-coefficients shown in brackets).

pt (cµ| âν)β
/Zν monotonously decreases withβ. So does

the cost function (6), which is a weighted average of indi-
vidual entropies. As a consequence, a conventional interval
bisection algorithm can be employed to reliably determine
the value ofβ at which the measured cost valueH∗ is met.
Insertingβ in (15) and applying (12), the desired stopping
criterion can be computed very efficiently.

In its multiscale variant, the algorithm first creates a hi-
erarchy of several resolution levels by fusing adjacent pix-
els of the pre-classified image according to a majority rule.
Starting on the coarsest level, it iterates the mesh optimiza-
tion until the stopping criterion described above prohibits
any further refinement. It then maps the mesh onto the next
finer level and continues the optimization there, until the
finest resolution level is reached. Our experiments show
that this approach can significantly reduce the running time
of the algorithm since the time consuming triangle fill al-
gorithm is applied to much smaller triangles than if it was
working on the finest resolution level right from the start.

5. Experimental Results

To empirically evaluate the performance of the polygo-
nization technique, it was applied to the segmentation of
a Landsat TM image shown in fig. 4 (a). For the region
shown there, a thorough ground truth campaign had been
performed, in which detailed land cover information was
collected for 13 different land cover types (forests, lakes /
rivers, settlements, barley, wheat, rye, oat, peas, potatoes,
rape, pastures, uncovered soil, and meadows). The ground
truth data were partitioned into a training set of 2.230 pixels
and an independent test set of 13.170 pixels.

For the pixel-wise classification, three state-of-the-art
classifiers were implemented. We tested a conventional
nearest-neighbor (1-NN) and a 3-nearest-neighbor classi-
fier (3-NN) as well as a support-vector-machine (SVM)
based on the SMO algorithm [10]. For the SVM, we
used a RBF kernel which performed best among the stan-
dard choices like linear, polynomial, and sigmoid kernels.
The first column of table 1 shows the classification perfor-
mances achieved with these pixel-wise classifications. We
also present the so-calledκ coefficients which in the remote
sensing community are often regarded as a more objective
performance measure than the conventional misclassifica-

(a)

(b)

(c)

Figure 4. (a) Original Landsat image, i.e. over-
lay of the first 3 channels. (b) Pixel-wise clas-
sification with a support-vector-machine. (c)
Result after polygonal post-processing.

Figure 5. Close-up of the pixel-wise classi-
fication result with superimposed polygonal
segmentation.



tion rates [11]. The ranking of the three classifiers reflects
the robustness against overfitting, which is good for the
SVM, but problematic for the 1-NN classifier [12].

The second column of table 1 shows the corresponding
performances after our post-processing algorithm was ap-
plied. It demonstrates that the postprocessing consistently
benefits from the averaging over individual polygons, which
effectively eliminates the noise in the class assignments. It
also reconfirms the observation described in [1], that con-
textual classification is not only applicable for unstable clas-
sifiers, but on the contrary significantly improves the classi-
fication performance of well-performing classifiers also.

The figures 4 (b) and (c) depict the classification results
for the SVM before and after the postprocessing, respec-
tively. They clearly demonstrate that even the SVM, in spite
of its good generalization properties, is subject to spectral
variations in the Landsat TM image which have the effect
of producing rather noisy class assignments. In contrast, the
polygonalized image has a more homogeneous appearance,
which – as shown above – also corresponds to an improved
classification performance.

Fig. 5 depicts a close-up view that demonstrates how
the algorithm selects the segment boundaries. Due to the
entropy-based cost function, it places the polygons around
homogeneous regions and also uses them to join areas with
a high class-label variability. Due to the regularization de-
scribed in section 4, the refinement process is terminated
before overfitting can occur, so that very localized classifi-
cation errors do not gain strong influence on the final seg-
mentation result. Similar experiments with synthetic data
show that the true contours of image segments can in fact
be detected even at noise levels of40% and above.

6. Summary and Conclusions

We have presented a novel contextual classification al-
gorithm that, taking the result of a pixel-wise classifier as
its input, partitions the image into a set of non-overlapping
polygons. These polygons are the result of a determinis-
tic optimization algorithm that iteratively refines and re-
structures a triangular mesh until a further refinement ap-
pears to be statistically inapt. As a cost function, the opti-
mization algorithm employs the conditional entropy of in-
dividual class labels given their assignments to triangles.
This cost-function can generically be derived from a gen-
erative image model and, due to its smoothness properties,
is amenable to greedy optimization. To avoid overfitting, a
stopping criterion is proposed that in essence uses Sanov’s
theorem to decide if a recently obtained cost reduction was
in fact achieved by an improvement of the image model, or
if it can also be explained by statistical fluctuations of the
data. Using this criterion, it is possible to stop the optimiza-
tion process at an adequate level of mesh granularity, or to

determine an appropriate instant for switching to the next
resolution level in a multiscale scenario.

In contrast to other contextual classification strategies,
the proposed algorithm does not round the corners of indi-
vidual segments, but constructs polygonal segment bound-
aries which exactly meet our a-priori knowledge about typ-
ical field shapes. After having applied it to a Landsat TM
image for which a sufficiently large set of ground truth data
was available, we found that the algorithm significantly in-
creases the classification performance of various types of
classifiers, including support vector machines. In addition,
it constructs segmentation results that are in excellent ac-
cordance with our intuitive concept of thematic maps.
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