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Abstract—In this paper we present a SVM-based method for
automatic quality control of a road database in urban areas.
The road veriﬁcation is carried out by comparing the database
objects to high-resolution aerial imagery. The method is trimmed
to produce reliable results even if the training data selection is
partly non-epresentative. A reliability metric is assigned to the
SVM decision that is based on the distance of a test object to
the training data. This metric can be applied to any SVM-based
classiﬁcation task. Our experiments show that the classiﬁer is
very reliable in only accepting road objects that are actually
correct.

are derived for a multiclass SVM by a pair-wise coupling
strategy using the basic idea of [4]. In [7] two metrics for the
quality of the classiﬁcation are presented. The static reliability
measure takes the size of the margin as a quality measure,
whereas the dynamic reliability measure analyses the classes
of the k-nearest neighbours of a test sample in the training
set. These methods focus on the overlap of the trained classes
as the limiting factor for the reliability of the SVM result,
assuming the reliability to improve with the distance from the
hyperplane.
A test sample to be classiﬁed may be far away from the
training clusters (Fig. 1), and as a consequence, the classiﬁcation result may become very uncertain without indication by
any of the reliability measures cited so far. With the concept
of Support Vector Domain Description (SVDD) [8], also
known as one-class SVM, outliers from a data distribution,
e.g. the training data, can be detected effectively. There have
been geometrical interpretations of the SVDD concept in [9]–
[11], where it was applied to pattern denoising problems.
In this paper, we combine the SVDD concept from [8] and
its geometric interpretation from [9]–[11] to derive a new
reliability metric for SVM classiﬁers.

I. I NTRODUCTION
For many machine learning approaches a representative
training dataset is a pre-condition. However, for classiﬁcation
problems on the basis of remote sensing data this is quite
hard to realize, especially if rather application-oriented class
deﬁnitions are directly used, or if only a few training data are
available.
For the purpose of automated road veriﬁcation a modular
system was presented in [1] that combines several stateof-the-art road detection modules to form a more general
solution. The data fusion concept behind the approach requires
a conﬁdence or reliability metric for each module. One of
the modules carries out an object-wise classiﬁcation based
on Support Vector Machines (SVM) [2] to decide if a road
segment from the database actually belongs to a road or
not. We require a reliability metric for the integration of this
module into the combined system. In order to be able to deal
also with non-representative training data we propose a new
reliability metric for SVM that is based on the distance of a
test point from the training data.
The SVM classiﬁer has proven to be well-suited for many
applications in pattern recognition [2]. Compared to Bayes
methods it has been noted as a drawback of SVM that it does
not assign a probability to the classiﬁcation result [3], so that
there is no straight-forward deﬁnition of a reliability metric.
There have been approaches to derive a probabilistic output
from the distance of a test point to the hyperplane separating
the classes. An example is [4], where a logistic function is
applied to deﬁne class posterior probabilities depending on the
test point’s distance to the hyperplane. In [5] an interpretation
based on analytical geometry has been used to link the SVM
results to a posterior probability. In [6], probability estimates

II. M ETHOD
The goal of the method is the veriﬁcation of a road database.
In a ﬁrst step the image is segmented based on information
from the database: for each road object a region of interest
is deﬁned. An image region corresponds to a road object in
the image if the database information is correct; otherwise, it
belongs to the background (Fig. 2). The veriﬁcation problem
is thus turned into a classiﬁcation problem for the two classes
road and background which we solve by SVM. We use
the SVM classiﬁer in the implementation of the open-source
library LIBSVM [12]. For the tests presented in this paper,
we used an RGB feature space. The features were selected
from each band such that changes in surface properties of the
road object, shadow effects on the road and road markings
are reﬂected in the feature space. For more comprehensive
information concerning the feature selection, refer to [1].
The training data for the SVM are selected manually
and include examples for road and background regions. The
background regions are realised by shifting the road region
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Fig. 2.
Segments generated from the
database information. Yellow: correct roads;
red: incorrect road.

Fig. 1. In a two-dimensional feature space the black line is the SVM hyper-plane separating
roads (blue) from non-roads (red). The grey regions enclose the training data. During the testing
phase points outside the grey regions, such as the green star corresponding to a row of trees,
are considered to be outliers. Note that the two-class SVM will classify it as a road.

vectors of the hypersphere SVh . As a simple shaped form like
a hypersphere in the original feature space is not necessarily
a good description, the inner products · , ·  are replaced by a
kernel function K(x, y) = φ(x), φ(y), where φ is a mapping
of the data into a new feature space. Following [8], the new
feature space is denoted as feature space in differentiation to
the input space, which is the original feature space. We use
the Gaussian radial basis function as the kernel function:

in a direction orthogonal to the road axis. Thus, the non-road
regions have a similar shape and size as the road regions.
Due to the high variety of objects in urban scenes there
is obviously no guarantee that every possible appearance
of a road is represented well by the trained model, and
the situation is even worse for the background objects. In
order to detect critical situations, we combine the two class
SVM with the SVDD to distinguish not only between the
classes road and background, but also a third class, outlier.
Furthermore, we propose a reliability metric that is realised as
a distance measure from each test sample to the training data
as represented by the SVDD (Fig. 1). In the following section
we give a short overview of the SVDD concept and show how
the distance is deﬁned for our task.

K(x, y) = e−

The SVDD approach constructs a hypersphere (a sphere
in a multi-dimensional space) around the training data. This
hypersphere encloses most of the training data by minimal volume. In [8] the problem of ﬁnding this minimum hypersphere,
represented by its center a and radius R, is formulated as

R2 + C ·
ξi → min
(1)
i

∀i

s.t. 0 ≤ αi ≤ C

j



||xi − xj ||2

(4)

i,j

i,j

The radius R can be expressed by the distance between a
and any support vectors that reside on the boundary (SVb ) [8]:


R2 = 1 − 2
αj K(xj , x) +
αi αj K(xi , xj )
(6)
j

i,j

∀x ∈ SVb
B. Distances Based on the SVDD
Unlike [8] we do not want to classify all the samples outside
the SVDD as outliers because they may reside very close to the
decision boundary in input space. In such a case we assume
them to be still covered by the trained model and thus, we
want to use the distance dν (z) = ||z − ν|| of a point z to
its nearest point ν on the SVDD boundary in input space
as a measure for the reliability of the classiﬁcation. For that
purpose, the input space distance dν (z) has to be derived from

i,j

∀i ,

(3)

∀x ∈ SVh

where xi represents a training sample in the input feature
space. The slack variables ξi allow a number of training
samples to lie outside the hypersphere and thus make the
approach robust against isolated samples. The parameter C is
a trade-off constant controlling the relative importance of each
term. Analogously to the conventional SVM the optimisation
problem is solved by introducing Lagrangian multipliers αi .
The problem can be tackled by maximising a function L with
respect to αi [8]:


αi xi , xi  −
αi αj xi , xj 
(2)
L=
i

1
N (N − 1)



In Eq. 3, d(x, y) is a distance between x and y, e.g. d(x, y) =
||x − y|| in case of the Euclidean distance. The width σ
of the Gaussian Kernel inﬂuences the generalization of the
SVDD boundary. Simelar to [10] we select a relatively small
kernel width, namely the average square distance of all training
samples (Eq. 4). A test sample z lies outside the SVDD if
R − da (z) < 0, where
 da (z) is the distance of φ(z) to the
sphere centre a = i αi xi in feature space. Using K(z, z)=1
results in [8]:


da (z)2 = 1 − 2
αj K(xj , z) +
αi αj K(xi , xj )
(5)

A. The SVDD Concept

s.t. (||xi − a||2 ≤ R2 + ξi ) ∧ (ξi ≥ 0)

σ2 =

where

d(x,y)2
2σ 2

αi = 1

i

After training, only the feature vectors with non-zero coefﬁcients αi are used for testing. They are called the support
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the feature space distances da (z) and R. Through the support
vector approach the input data are mapped to a manifold
in feature space [13]. For the Gaussian radial basis function
kernel the mapped feature space is of inﬁnite dimension and
the manifold looks like a sphere around the origin, because
||φ(x)||2 = 1, ∀x ∈ d [13], where d is the dimension of the
input space. For the Euclidian distance in feature space the
following relationship with the input space distance is given
in [14]:


||z−y||2
−
2
2
2σ
(7)
||φ(z) − φ(y)|| = 2 1 − e

the hypersphere. Here only training samples that are inside the
hypersphere are considered, e.g. those which are not support
vectors of the hypersphere. The weight parameter P controls
the actual decision boundary. Its effect on the results will be
investigated in section III.
The scheme for database veriﬁcation described in [1] is
based on decision level fusion of the individual modules for
road veriﬁcation. In this context, the distance dν (z) is not used
to distinguish outliers from inliers, but it is used to derive a
reliability measure for the decision of the SVM. This reliability
measure is a strictly monotonic decreasing function of dν (z).
For details of the fusion concept, refer to [1].

According to Eq. 7 it is obvious that ﬁnding the shortest
distance in feature space is equivalent to ﬁnding the shortest
distance in input space. In feature space, the nearest boundary
point φ(ν) is on the shortest path from the SVDD center a to a
test sample φ(z). Thus, the position vectors of φ(ν), φ(z), and
a are coplanar and the geometrical interpretation, displayed in
Fig. 3 holds [11]. As the feature space distances da (z) and R
are available from Eq. 6 and 7 and as ||φ(z)|| = ||φ(ν)|| = 1
is true for the Gaussian kernel, the angles α, β, and γ in Fig. 3
can be determined:
1 + ||a||2 − da (z)2
1 + ||a||2 − R2
cos γ =
, cos β =
(8)
2||a||
2||a||
||φ(z) − φ(ν)||2 = 2 − 2 cos α

III. R ESULTS AND E VALUATION
In order to evaluate the proposed veriﬁcation strategy, we
used a road dataset of a suburban test site in Uraga (Japan;
Fig. 4). The reference was created manually. There is a
signiﬁcant difference between the database and the image due
to a large redevelopment zone that stretches from the northwest to the south-east of the scene. For training the SVM and
the SVDD we used the regions marked by blue lines in Fig. 4.
As the road segments used for training are all placed in the
centre of the scene where the roads and their surroundings
have a fairly homogeneous appearance, the characteristics of
the redevelopment area and forest areas in the periphery are
not well represented in the training data. The kernel width σ
was determined according to Eq. 4. The constant C (Eq. 1) was
set to C = 0.98. Such a deﬁnition will result in a low degree
of generalisation, i.e., the SVM hyperplane and the SVDD
hypersphere will be determined so that there will be few
training samples on the wrong side of the decision boundary
or outside the hypersphere, respectively. Furthermore, SVM
and SVDD are applied with the same input for the training.

(9)

TABLE I
C ONFUSION MATRICES FOR THREE SCENARIOS DEFINED IN THE TEXT.
system

road

non-road

outlier

154
14

73
35

-

- SVM + SVDD (P =0)
road
113
non-road
0

12
2

102
47

- SVM + SVDD (P =2)
road
138
non-road
1

17
7

72
41

reference
Fig. 3. 2D projection of the SVDD with center a and radius R. Both the
test sample φ(z) and its nearest boundary point φ(ν) lie on the manifold.

- SVM
road
non-road

Replacing the feature space distance ||φ(z)−φ(ν)|| in Eq. 7
by the result of Eq. 9 gives the required distance dν (z) (see
also [11]):
dν (z) = ||z − ν|| = σ

−2 ln[cos(γ − β)]

(10)

C. Outlier Detection

Table I shows the confusion matrices for the classiﬁcation
results achieved in three different scenarios. In the ﬁrst scenario, only the two-class SVM is used and no outlier class is
considered. In this scenario, 73 + 14 = 87 of 276 test objects
(32%) are misclassiﬁed. In the second scenario, we combined
the SVM with the SVDD approach, but only considering test
points inside the hypersphere, i.e. using P = 0 (Eq. 11). This
resulted in a reduced error rate of about 5%, but only 49% of
the regions were classiﬁed into road and background objects.
In the third scenario, we again combined the SVM with the
SVDD approach, this time also accepting points outside the

After determining R and a by the SVDD method, a test
sample z will be considered as reliable if it is enclosed by the
hypersphere, or if it is outside the hypersphere and
dν (z) ≤ P · davg

(11)

The SVM classiﬁcation result is only accepted if the test sample z is reliable, otherwise (i.e., if z is outside the hypersphere
and dν (z) > P ·davg ) z is classiﬁed as an outlier. The distance
davg in Eq. 11 is calculated as the average of all the distances
between training samples and their nearest boundary points on
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Fig. 5.

Inﬂuence of the parameter P on the coverage and the error rate.

used. However, the signiﬁcant reduction of wrong decisions
allows the combination with other classiﬁcation approaches
without compromising the system reliability. It is the rationale
of our decision level fusion concept to integrate several modules having complementary strength in road classiﬁcation [1].
Furthermore, the outputs of the method can be utilized in any
SVM-based scenario to advice the operator during the testing
phase if additional training data should be used to classify
more objects. Additionally, an active learning strategy, which
automatically selects training samples with maximal distance
to the SVDD boundary could be intergrated. In future, more
comprehensive tests are required to deﬁne a suitable function
of the distance to the hypersphere for the integration of the
module into the overall road database veriﬁcation system. It is
further planned to introduce the posterior probabilities from [4]
for the points that lie in areas near the separating hyperplane.

Fig. 4.
The Uraga test site (size: 0.76 km x 0.92 km; GSD: 0.2 m),
superimposed with the classiﬁation results for P = 2 (316 road database
objects). Blue: training regions (40 road, 80 background); green: correctly
classiﬁed objects; red: incorrectly classiﬁed objects; yellow: outliers.

hypersphere with P = 2 (Eq. 11). The percentage of the
wrongly classiﬁed objects is still low (7%), whereas 60% of
the test samples were accepted. This scenario is shown in
Fig. 4. It becomes clear that the roads that have a similar
appearance and surrounding as the training objects in the
centre of the scene are considered to be reliable, and they
are largely correct. The outliers are largely found where due
to different surroundings the roads have a different appearance
from the training data (e.g. in the forest) or where incorrect
data base objects have no correspondence in the background
training samples (e.g. in the redevelopment zone). Comparing
the ﬁrst and the third scenario, the two-class SVM classiﬁes an
additional 40% of the test samples, but of these samples, about
50% are incorrect. One can assume that the training data are
only representative for about 60% of the test data. Fig. 5 shows
the percentages of test samples considered reliable (coverage)
and misclassiﬁcations (error ratio) as functions of P . It turns
out that only for smaller values of P (P < 4), the distance
to the hypersphere contributes a functional relation for the
reliability metric. Given the fact that the detection of errors in
the database is the most important goal of quality control, a
small value such as the one used in our third scenario seems
to be a reasonably good choice.
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IV. C ONCLUSIONS AND O UTLOOK
The results presented in this paper show that outlier detection helps to avoid wrong decisions of a two-class SVM
if the training data are non-representative. They also show
that in such a case the distance from the hypersphere can be
used as a basis for detecting outliers. The experiment showed
that the percentage of objects, for which a decision has been
taken, might be low if non-representative training data are
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