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Abstract. This article presents a novel method for a combined extraction of points, lines and arcs in images. Geometric primitives are fitted into extracted edge pixels. In order to get points, the intersections
between the geometric primitives are calculated. The method allows a
precise and at the same time robust detection of the image features. By
constructing a graph describing the topology between the features, more
complex structures can be described over multiple connected primitives.
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Introduction

The extraction of features in images is relevant for many applications and there
are numerous approaches published. The main features that are often used in
image processing are points, lines, or even curved structures. The algorithms for
the detection are usually specialized on one feature type.
A combined detection of different features and a topology between them can
bring many advantages. The neighborhood information can be used to assess the
relevance of features, to increase their localization accuracy, or to support the
extraction of more complex geometries.
In further processing, e. g. for correspondence search in different images, the
topology between the features can be used to make the search more reliable and
more robust.
In the extraction of different features, similar image processing methods are
used, therefore a combined extraction saves processing time since no redundant
calculations have to be carried out.
1.1

Related Work

The detection of elementary geometric objects is one of the fundamental objectives of computer vision, since they are usually the prerequisite for high-level
procedures. Many researchers have addressed these issues in recent decades.
In the literature a variety of different corner detectors exist [15]. A set of
methods is based on contours in images. Contours are first extracted. Then,
the contour is searched for specific features such as a strong curvature. Horaud
et al. [9] extract line segments from contours and use intersection of the line
segments as interest points.
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Intensity-based methods calculate a measure that indicates whether a feature
point is present. Known corner detection methods which belong to this group
are the Moravec corner detector [13] and Harris corner detector [8].
Detectors for higher-order geometric primitives, e. g. lines and arcs, can be
roughly divided into two classes: Hough-based and edge chain methods.
The Hough-based methods use different versions of the Hough-transform [3,
5, 11]. These methods usually require an accurate adjustment of the parameters
depending on the image data and suffer from a high memory consumption and
a long execution time.
The edge chain methods use chains of connected edge pixels and fit geometric
primitives on the edge chain using least-squares fitting techniques [7, 2, 1, 6] or
RANSAC-like approaches [12]. Wenzel und Förstner [18] use an adaption to the
Douglas-Peucker algorithm to approximate given pixel chains by a sequence of
lines and elliptical arcs.
Recently, a parameterless detector for lines and ellipses was proposed by
Patraucean et al. [14]. They use a fitting algorithm for the ellipses that uses
both the algebraic distance from the conic equation and the deviation from the
gradient direction. For model validation and model selection they use statistical
criteria.
1.2

Contribution

In this paper, we propose a method for the combined extraction of points, lines
and curved structures from images. Our method allows a precise and at the
same time more robust detection of the different feature types than existing
approaches.
Furthermore, in our method, by modeling the topological relationships of
the individual features in a graph, more complex geometric structures can be
described over multiple connected primitives.
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Characteristics of Different Image Features

The focus of our work is the extraction of image features in urban and man-made
environments, which on the one hand are precise and on the other hand describe
the relevant geometric primitives.
The different features have advantages and disadvantages for use in urban
scenes. Robust point detectors, such as SIFT [10] or SURF [4], enable reliable
matching of features across multiple images, but generally do not have high
localization accuracy and are usually not located at physical object corners.
Classical precise point features, e. g. Harris-Corners [8] or Good features to
track [16], have higher localization accuracy than robust point features but are
also often found in non-relevant locations, e. g. on structured surfaces or on trees.
They are often missing on geometric primitives which do not have a high cornerness. These may be e. g. windows in the shadow. In addition, the localization
accuracy of these points deteriorates in the presence of noise.
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Edge and line segments offer a higher level of structure information about
the scene and are usually located in relevant places in urban scenes. However,
start and end points of line features are often only inaccurately localized.
Corner points generated by the intersecting of line segments have a higher localization accuracy than classical point features and a greater robustness against
noise. They are usually located at relevant geometric primitives in urban scenes.
However, not always two intersecting line segments are available or detectable.
Combined detection of line segments and points by calculating intersections
of lines offer many possibilities. A higher localization accuracy and greater relevance of the point features can be achieved. At the same time, precise endpoints
for the lines can be determined in this way. These endpoints can be used to
support line triangulation.
The topology between points and lines can be used to support and verify the
matching of multiple images in a structure from motion application. Points or
lines, which are connected in one image, are probably also connected in other
images. Simple contours or polygons can thus be recognized and reconstructed
directly.

3

Detection Process

Our approach to extracting image features consists of a multi-step process (Fig. 1).
In the first step, edges are detected in the images. Subsequently, geometric primitives, such as line and arc segments are fitted to the extracted edges. The intersections between the geometric primitives are calculated to extract precise point
features. At the same time, a graph is constructed which describes the topology
of the image features.
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Fig. 1. Flowchart of the detection process

3.1

Extraction of Edges

To extract the edges, we use a customized version of the edge drawing method [17].
Edge drawing is an edge detection algorithm that runs in real-time and produces
contiguous pixel chains that are exactly one pixel wide. The edge drawing algorithm consists of 4 steps. In the first step, noise is reduced by using a Gaussian
filter, then the gradient magnitude and gradient direction are calculated for each
pixel. In the next step anchor points are extracted. These are the peaks in the
gradient image. These peaks are linked using smart routing to extract the edges.
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For our application, we have adapted the smart routing process in such a
way that not only individual contiguous edge chains are extracted, but also the
connecting points between the individual edge chains are stored.
The smart routing process is as follows: Beginning with an anchor point, the
direction of the gradient is considered. The pixel with the strongest gradient
magnitude is then selected orthogonally to the gradient direction and used to
iteratively build up a pixel chain. The process is terminated if all neighboring
pixels have a gradient magnitude below a threshold value or a previously detected
edge pixel is reached. In the latter case, we also store the connection point for
the two edges.
Figure 2 (b) shows the calculated gradient image with the extracted pixel
chains for a simple synthetic example.
3.2

Fitting the Geometrical Primitives

In the next step geometric primitives are fitted into the extracted edges. Our
approach is based on a method we presented in [19] that allows a detection of
lines with subpixel accuracy.
The process presented by us allows the extraction of different geometric
shapes. We limit ourselves to lines and parabolas as these are the predominant forms in our application, which are urban scenes. But an extension which
allows the extraction of further geometric forms, e. g. circles or ellipses, is easily
possible. Parabolas were chosen as the model for the arcs because they are easy
to parameterize and a robust fitting is possible.
The starting point for the detection of the lines and arcs are the edge chains
from the first step. The extracted pixel chains are decomposed into one or more
geometric primitives. The basic idea is to walk along the pixel chain and to fit
geometric primitives.
If the edge has a minimum length, fitting an initial line segment is attempted
using a least-squares line fitting method. If an initial line segment has been found,
it is tried to extent this line segment. For this purpose, further pixels of the edge
chain are added to the line until the deviation exceeds a threshold value.
If a smaller deviation is achieved when fitting a parabola than when fitting a
line, the parabola is selected as a model. If the model is changed, the parabolic
segment is extended by further pixels from the edge chain until the threshold
for the maximum deviation is reached. The extracted element is then stored.
Additional models such as ellipses and circles can be considered at this point.
When selecting the model, i. e. line or arc, the curvature of the parabola is
additionally checked. The parabola is selected only if it has a sufficient curvature.
Similarly, the remaining pixels of the edge chain are processed to extract
further geometric primitives. The detected primitives for the simple example are
shown in figure 2 (c).
Refinement. The approach for detection with subpixel accuracy from [19] can
also be adapted to parabola segments so that they are also detected with subpixel
accuracy.
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Fig. 2. The steps of the detection process: (a) input image, (b) gradient image with
extracted edge chains, (c) fitted geometric primitives (red: arcs, blue: line segments),
(d) calculated intersections, (e) connected components of the graph (a random color
for each component)

Fusion of Connected Primitives. In case of noise, lines or arcs might fragment into several subsegments which are separately detected. We therefore check
for successive line and arc segments whether they have similar parameters and
the endpoints are close to each other. If this is the case, the elements are fused.
3.3

Calculation of Intersection Features

In the next step, the intersections of the extracted geometric primitives are
calculated (Fig. 2 (d)). Only the intersections of successive elements from the
same edge chain are calculated. In this way, it is ensured that the elements used
for intersecting are connected over a common edge and are thus, with a high
probability, part of a contiguous object in the scene.
In addition, intersections are calculated between elements which have been
extracted from different edge chains if the edges have a connection and the
elements have been extracted in the region of the connection point.
When calculating the intersection, three cases must be distinguished. Intersections between two lines, intersections between parabolas and lines, and
intersections between two parabolas.
It is important that arc segments are also extracted from the edges because
the approximation of curved contours through line segments would lead to inaccurate intersections.
3.4

Building a Topology

The connections of the intersections and geometrical primitives are stored in a
graph, which models the topological relations. The nodes in the graph correspond
to the image features, i. e. points, lines and arcs. The relationships between the
image features are modeled over the edges of the graph. A point feature that
has been created by the intersection of two lines corresponds in the graph to a
node with two edges to the two lines, which in turn are also nodes of the graph.
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In this way, more complex geometric primitives can be described over the
individual elements. The connected components of the graph correspond to more
complex geometric shapes in the image. If the connected component has a cycle,
a closed contour is usually present in the image. This may be e. g. a window in
a facade.
Figure 2 (e) shows the topology for the simple example. As expected, both
objects are recognized as different connected components of the graph.

4

Evaluation

In the following section, we present qualitative and quantitative results of our
detector compared to existing methods. Synthetic computer-generated images
as well as natural images are used for the comparisons.
4.1

Detection Accuracy of Intersection Features

The aim of the first experiment is to determine the accuracy of the intersection
features compared to classical corner features. For comparison, we use the Good
features to track detector [16] with subpixel refinement of the corners.
For the test, 50 synthetic images of simple geometric objects, such as triangles and rectangles, were generated. We add different levels of additive white
Gaussian noise. The standard deviation of the noise is varied from 0 to 15. We
use 8-bit images, i. e. the pixel values are between 0 and 255.
To evaluate the detection accuracy, we apply both algorithms to the images
and determine the residuals from real to the determined corner points of the
objects. The results (Fig. 3) show that the intersection features have a significantly higher localization accuracy than classical corner features. In particular,
it is shown that the intersection features are more robust against the noise and
can still be reliably localized even in the case of strong noise.

(a) Input image

(b) Detection accuracy

Fig. 3. Detection accuracy of corner features with different levels of Gaussian noise.
(a) Cutouts of a corner from two input images. Left half without noise and right half
disturbed by noise with standard deviation of 15. (b) Results of the evaluation
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Comparison to ELSDc

To evaluate the results of the line and the arc detection, we compare our results
with those of the ELSDc (Ellipse and Line Segment Detector, with Continuous
formulation) [14], as this is the state of the art and the source code is available.
Synthetic Data. In a first experiment, we look again at the synthetic data
used in the previous section. Since the ELSDc does not calculate intersections
between the extracted lines and ellipses and does not build a topology, we use
the lines extracted from the images and intersect them in a post-processing step
to obtain the corners of the geometric objects and calculate the residuals.
Figure 4 (a) shows the results. On clean data, ELSDc achieves a slightly
higher detection accuracy. However, the detection accuracy deteriorates significantly with increasing noise, while the detection accuracy with our approach
remains stable even with strong noise.

(a) Effects of Gaussian noise

(b) Detection of fine structures

Fig. 4. Comparison between ELSDc and our method

In another experiment the ability to recognize fine details was examined. For
this purpose, the minimum distance between two parallel lines is determined,
in which they can be detected separately. We have generated synthetic images
which contain parallel lines with different distances between 1 and 10 pixels. In
the evaluation, we determine how often theses lines are detected as two separate
lines for each distance. The results (Fig. 4 (b)) show that with our method, two
lines can be detected separately with a distance of approximately 3.5 pixels.
With the ELSDc, this is possible not until a distance of about 6 pixels.
Natural Images. For a quality evaluation of the detector in real-world applications, we have tested it on numerous natural images that cover common
challenges like complex geometric primitives and background clutter. For this
purpose, we used the datasets from [14] as well as own images. We describe the
typical behavior of the detectors by some examples.
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Figure 5 shows the results for detection on a building with arched windows.
Both detection algorithms show similar results, but in the detail view of a window
typical differences are recognizable. With ELSDc, the upper edge of the arched
window is approximated by several line segments and is not detected as an arc.
With our approach, all arches of the windows are correctly recognized.
Furthermore, with our approach finer structures can be detected, for example
on the window frame. This confirms the quantitative results that have been
shown in the analysis with the synthetic images. In addition, the straight lines
break down less often into several sub-segments.
The intersections, which are additionally calculated with our approach, are
each quite well located at the physical corners of the objects. At the same time,
there are hardly any intersection points in non-relevant areas such as the wall
surface or the background clutter.

Fig. 5. Detected image features on a natural image. In the upper row are the input
images, in the middle the results of ELSDc and in the bottom row our results (red:
arcs, blue: line segments, green: intersections).
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Further examples of detection results are given in Figure 6. Despite the limitation of our detector on parabolas, the circular structures in the left image
can be recognized. However, these are approximated by multiple parabolas. The
ELSDc correctly recognizes these structures as ellipses.
In the right image, the rounding of the staircase is correctly recognized as a
arc with our approach. With ELSDc the arc is again approximated by several
line segments.

Fig. 6. Detected image features on natural images. In the upper row are the input
images, in the middle the results of ELSDc and in the bottom row our results (red:
arcs, blue: line segments, green: intersections). Left image is from the dataset from [14]

On average over the entire data set of 30 natural images, the runtime for
the detection per image is 5.1 s for ELSDc and only 1.2 s for our approach on a
laptop with a Core i5. The images have different resolutions between 2 MP and
16 MP.
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Detection of Contours

Figure 7 (a) shows the result of detection on a synthetic image. The connected
components of the graph are each represented with a random color. All corner points and connecting edges of the individual objects were recognized. In
addition, the objects are each detected as a connected component.
This can also be confirmed by real world examples. As can be seen in figure 7 (b), most of the windows are described in the graph by a connected component.

(a)

(b)

Fig. 7. Topology of the detected image features. All nodes of a connected components
are drawn with the same color.
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Conclusion

In this paper, we have presented a method that enables a combined extraction
of points, lines, and arcs from images, and builds a topological graph between
these features.
The graph allows the description of complex geometric primitives from multiple individual features. For further processing of the images, e. g. in a structure
from motion application, the graph offers numerous possibilities to make the
process more robust and to reconstruct more complex primitives.
By comparing to the state of the art methods it can be shown that our
approach achieves a precise detection of the image features and, in particular, on
noisy data, a significant improvement to the existing approaches. By the reliable
detection of structures that are close together, more details can be extracted
in the images. At the same time, the runtime for the detection is significantly
lower.
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