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Abstract. In this paper a novel reconstruction method is presented
that uses the topological relationship of detected image features to create a highly abstract but semantically rich 3D model of the reconstructed scenes. In the first step, a combined image-based reconstruction of points and lines is performed based on the current state of art
structure from motion methods. Subsequently, connected planar threedimensional structures are reconstructed by a novel method that uses
the topological relationships between the detected image features. The
reconstructed 3D models enable a simple extraction of geometric shapes,
such as rectangles, in the scene.
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Introduction

One of the key tasks of computer vision is the image-based 3D scene reconstruction, which aims to calculate a 3D model of the scene from an image sequence
with different viewpoints. In the simplest case, the model can be a set of 3D
points. More sophisticated methods create a complete 3D surface model.
Traditionally, these reconstruction methods, such as structure from motion
(SfM), make use of interest points. This is a challenge especially in urban and
man-made environments, as only a few textured surfaces are available. This results in very sparse point clouds that have limited meaning and make it difficult
to analyze and understand the scene. Subsequent multi-view stereo reconstruction can often generate dense point clouds, but these methods have a high computational complexity and generate large amounts of data.
We propose a method that enables the reconstruction of highly abstract but
semantically rich 3D models in man-made environments. In the first step, we
perform a combined image-based reconstruction of points and lines based on the
current state of art SfM methods. Subsequently, connected three-dimensional
structures are reconstructed by a novel method that uses the topological relationships between the detected image features. The reconstructed models enable
a simple extraction of geometric shapes, such as rectangles, in the scene.
Related Work. For the three-dimensional reconstruction of objects from an
image sequence with different viewpoints, correspondences between images must
be found. For this purpose, image features, such as corners and lines, are tracked
from one image to the next. The result of a SfM procedure usually consists of
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the camera poses at which the images were taken and a sparse three-dimensional
point cloud of the scene.
First methods that enabled the reconstruction of sights from large unsorted
Internet photo collections [15] have contributed to the popularity of SfM applications. In the following years, the efficiency of the processes was further
increased so that complete cities could be reconstructed from huge data sets [2,
6]. The state of the art SfM methods generally use point features. There are only
a small number of line-based reconstruction methods that can handle realistic
datasets. A complete line-based SfM pipeline is presented in [21]. They use their
proposed Line Band Descriptor (LBD) [20] for line matching and their Robust
Perspective-n-Line (RPnL) [19] algorithm to estimate the camera pose. Because
point-based SfM methods are widely used and enable reliable pose estimation,
many approaches use a point-based reconstruction as a prerequisite. If the camera positions are known, line-based reconstruction is substantially simplified and
is used as a post-processing step to improve the SfM results with 3D lines [8].
A number of methods that are concerned with line-based reconstruction use
the lines as starting point to build a piecewise planar 3D model of the scene.
These methods usually focus on the reconstruction of buildings. Using 3D lines
to create planes has advantages compared to 3D points, since two 3D lines are
sufficient to create a plane hypothesis and the reconstructed lines normally represent the intersection of two 3D planes. The method presented in [16] uses the
reconstructed lines to determine the main directions of the scene, which are used
to detect the dominant planes. A similar procedure is proposed by [14]. Starting
from a sparse 3D reconstruction of points and lines, planes are extracted and
then piecewise planar depth maps are generated by graph-cut based minimization. The interpretation of buildings and especially of their facades has been
researched for a long time. Early approaches have focused on facade segmentation and window detection using image sequences [16, 10]. Most recent works on
facade segmentation are based on single images [9, 13, 12]. For the facade segmentation, the images usually have to be rectified. Furthermore, architectural
assumptions are often used, for example that the windows are arranged in rows
or columns.
Contribution. With the common SfM methods, each image feature is reconstructed independently, even if it belongs to structures that are connected in the
scene. In particular, line segments that describe a contiguous planar object in
the scene are generally not in the same plane in the reconstructed model, which
makes it impossible to directly determine contiguous 3D structures.
The main contribution of this paper is that we introduce a new method that
reconstructs planar three-dimensional structures based on a SfM reconstruction.
The structures are composed of points and lines whose connections are stored in
a graph describing the topological relationships. In this way, a highly abstract
but semantically rich 3D model of the scene is obtained. The topology graph
allows searching for more complex geometric shapes. To show this, we present a
method that automatically extracts rectangles in the reconstructed 3D models.
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Fig. 1: Flowchart of the reconstruction process.

Overview. The reconstruction method we propose consists of several steps
(Figure 1). In the first step, a feature-based reconstruction is performed which
reconstructs points and lines and determines the camera poses. Then the main
planes of the scene are determined. These are the basis for our novel topologybased reconstruction method, which makes it possible to reconstruct contiguous
planar structures. Finally, geometric shapes can be easily extracted in the reconstructed 3D model.
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Feature-Based 3D Reconstruction

In this section, we show the structure of our feature-based reconstruction pipeline,
which is the first step in our reconstruction process. We use a combination of
state of the art methods that allow a reliable reconstruction of point and line
primitives.
The first step of the reconstruction is feature extraction. We use the method
proposed by [18] to detect the image features. The method enables an accurate
and robust detection of points, lines and arcs. In addition to the image features,
the method returns a graph that describes the topological relationships of the
features. In addition, we extract a FREAK [3] descriptor for each point. The next
step is point matching. Here visually similar pairs of features are determined in
two different images. In the third step, the geometric verification is performed.
In the verification step the relative poses between the matched camera pairs
are determined. The fourth step is the reconstruction of the points. Starting
from an initial camera pair, a 3D model is incrementally built up. All matched
image features are triangulated so that a sparse three-dimensional point cloud
is generated. The last step is bundle adjustment. The aim of bundle adjustment
is to determine 3D point positions and camera parameters that minimize the
reprojection error. For the final bundle adjustment, we use Ceres [1].
In order to enable the reconstruction of line primitives, the described reconstruction process is extended. We take advantage of the fact that the camera
poses are already known through point-based reconstruction. The combined detection method detects the lines at the same time as the points, so that the 2D
line features are already available. To characterize the local appearance of line
segments we use the Line Band Descriptor (LBD) [20]. The next step is line
matching. For line matching, we use the method presented by Zhang et al. [20]
accordingly. The final step is the reconstruction of the lines. Starting with an
initial camera pair, the matched line segments are triangulated. Iteratively, observations from further cameras are added. The triangulated 3D lines are then
verified by their reprojection error.
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Topology-Based Reconstruction
Detection of the Main Planes

The first step of the topology-based reconstruction method developed by us
is the detection of the main planes of the scene. We are using an approach
based on a method for the automatic indoor reconstruction using dense point
clouds proposed by [4]. The approach uses the Manhattan world assumption [5],
which states that the scene contains three orthogonal, dominant directions. The
architecture of buildings generally corresponds to this assumption to a large
extent.
Determining the Manhattan World Directions. First the vertical or the
gravity direction is determined. This can either be given by an inertial navigation system (INS) or estimated from the vanishing points. In our case, the
corresponding gravity vector is given by an INS for each image.
To determine the normals of the facade planes, we use the assumption that
they are perpendicular to the gravity direction. In addition, we use the assumption that the facade planes are orthogonal to each other. Both facade normals
can therefore be determined by only one rotation around the gravity direction.
We use an entropy-based method to determine the rotation. The analysis
of the entropy of distribution of point coordinates is a common approach in
literature to determine the main directions of a point cloud [7, 11, 17].
Plane-Sweep. In point clouds, planes can be detected by a plane sweep [4]. This
is achieved by moving a plane through the three-dimensional space at discrete intervals along a given direction. For each step, the number of points is determined
that lie within a predefined range around the plane. This creates a histogram
of the sweep area. For each sweep step, a bin is created in the histogram with
the number of points as value. The peaks in the histogram correspond to areas

(a) Input image

(b) Point cloud with planes

Fig. 2: (a) One of the input images used for the feature-based reconstruction and
(b) generated point cloud with the detected main planes.
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with a high point density and represent areas of potential planes. The peaks
are determined using non-maxima suppression. In addition, a threshold value is
used to suppress local maxima in areas with few points. We use a fixed minimum
threshold of 100 for the frequency.
Finally, the minimum bounding rectangle (MBR) is determined on the plane.
This is the smallest possible rectangle parallel to the axis that encloses all points
of the point cloud that lie on the plane or have a distance of less than 2.5 cm to
the plane.
To illustrate the computation, we consider the determination of the main
planes using the example of a real scene. Figure 2 (a) shows one of the input
images and Figure 2 (b) shows the point cloud generated from the reconstructed
points and lines and the detected main planes. The planes represent a suitable
approximation of the scene and represent the main surfaces of the building.
3.2

Topology-Based 3D Reconstruction

The main planes are the basis for the topology-based reconstruction method we
propose. The reconstruction process (Listing 1) is performed successively for all
detected main planes and consists of three steps, which are explained in detail
below.
Listing 1: Pseudocode for topology-based 3D reconstruction
Input:

P_1,..,P_m - detected planes
F_1,..,F_n - detected features of images 1,..,n
C_1,..,C_n - camera poses of images 1,..,n

Output: M - reconstructed 3D model
G - 3D topology graph
for each P in {P_1,..,P_m}
// pairwise matching
for i = 1 to n-1
backproject features F_i and F_(i+1) to plane P
for each feature in F_i find most similar in F_(i+1)
for each feature in F_(i+1) find most similar in F_i
cross check
end
// generate feature hypotheses
build feature trails based on the pairwise matches
for each trail
if trail has at least 4 observations
create 3D feature hypothesis
end
end
// establishment and verification topology
for each 3D feature pair
if at least 3 associated 2D observations are connected
connect 3D features in the topology graph
end
end
remove unconnected 3D feature hypotheses
end
return 3D model M and topology graph G

6

D. Wolters and R. Koch

Pairwise Matching. In the matching step, corresponding image features are
determined between successive images of the image sequence. The matching
process proceeds as follows. First, all image features that have been detected are
backprojected to the current 3D plane. For a camera pair, for each image feature
from the first image, the feature from the second image that is most similar to
it is determined. Additionally we use a cross check of the matches. To determine
the similarity of point features, we consider the Euclidean distance between the
features backprojected to the planes. For the lines, the sum of the perpendicular
distances from the start and end point of the line feature from the first image
to the line feature from the second image is used to determine the similarity.
Generation of Feature Hypotheses. The aim of the next step is to determine
hypotheses for 3D features that are supported by multiple image observations.
Starting from a pair of images, supporting observations from other images are
searched on the basis of the matching results. In this way, trails of corresponding
image features are created across multiple images. For all features supported by
at least four image observations, a 3D feature hypothesis is determined. The
position of the feature on the 3D plane is determined by fitting it to the image
features backprojected onto the plane.
Establishment and Verification of the Topology. In the third step, the
topological relationships between the 3D features are established. At the same
time, this step is used to verify the feature hypotheses. To establish the topological relationships between the 3D feature hypotheses, it is examined for each
feature pair whether a topological relationship exists between at least three of
the associated 2D observations. If this is the case, the nodes associated with the
3D feature hypotheses are connected in the corresponding topology graph. All
feature hypotheses that are not part of a connected component of the graph with
at least three nodes are removed after this process. These are usually caused by
mismatches. Furthermore, the aim of the method is to identify more complex
planar structures.
3.3

Extraction of Geometric Shapes

Based on the 3D model of topology-based reconstruction, we have developed
a method that enables the extraction of specific geometric shapes. We use the
topological information to automatically extract rectangles. In man-made environments, this method is a simple way to detect candidates for windows in
facades, as these can usually be assumed to be rectangular.
To extract the rectangles we use the topology graph, which describes the
relationships between the reconstructed image features. We use the assumption
that a rectangle in the reconstructed 3D model consists of four line segments
and four corner points that are part of a common connected component of the
topology graph. First, simple cycles are searched in the graph. In graph theory,
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a simple cycle of a graph G = (V, E) is a path (v1 , . . . , vn ) with vi ∈ V for
i = 1, . . . , n to which applies:
v 1 = vn

(1)

vi 6= vj for i, j ∈ 1, . . . , n − 1 and i 6= j

(2)

The length of a simple cycle (v1 , . . . , vn ) is defined as n − 1. For each simple
cycle of length eight of the topology graph, it is checked whether it consists of
an alternating sequence of point nodes and line nodes. If this is the case, it is
validated whether the associated reconstructed features fulfill the properties of a
rectangle, i. e. that all line segments connected by a point node have an angle of
90◦ to each other and that the point node corresponds to the intersection of the
two line segments. In this way, planar rectangular structures can be identified in
the scene.

4
4.1

Evaluation
Synthetic Scenes

In a first evaluation, we analyze the detection accuracy and the localization
error of our topology-based reconstruction and compare it with the common
SfM reconstruction. We use computer-generated images of a synthetic building
with known ground truth as input for the reconstruction. Figure 3 (a) shows one
of the computer-generated input images. The building has a width of 15 m. In
total, we use eight sequences with ten images each with a resolution of 3 MP. In
the evaluation, we determine the detection rate. It indicates how many of the
geometric structures of the building, i. e. window corners and frames, have been
reconstructed. In total, the building has 138 features that must be detected. To
evaluate the accuracy of the reconstruction, we measure the localization error.
The localization error is calculated as the error distance in 3D space.
The results are given in Table 1. For topology-based reconstruction, the detection rate of automatic rectangle detection is also specified. Although the detection rate of the SfM reconstruction on the synthetic data is already high
at 94.2%, the value can be further increased by the topology-based reconstruction. The average localization error for both methods is on a similar level. Furthermore, all rectangles are detected correctly on the synthetic scenes by our
method. Examples of the results of the SfM reconstruction, the topology-based
reconstruction and the rectangle detection are shown in Figure 3.

Table 1: Evaluation of detection accuracy of the SfM reconstruction and the
topology-based reconstruction using eight synthetic scenes.
Method
SfM reconstruction
Topol.-based reconstruction

Detection Localization Rectangle
rate
error
detection rate
94.2%
0.017 m
–
100%
0.016 m
100%
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(a) Input image

(b) SfM reconstruction

(c) Topology-based reconstruction

(d) Rectangle detection

Fig. 3: The individual steps of the reconstruction process using the example of a
computer-generated scene of a synthetic building: (a) One of the input images,
(b) SfM reconstruction and camera positions, (c) topology-based reconstruction
and (d) automatic rectangle detection (highlighted yellow).

4.2

Real-World Scenes

Test Dataset. For the evaluation of our method in real-world applications, we
use a dataset consisting of six scenes with real-world images showing buildings.
Each scene contains between 11 and 32 images, which have a resolution of 3 MP.
In addition, the scenes contain reference objects of known size. These are special
customized boards with dot patterns that can be detected in the images. The
diagonal size of the boards is 60 cm. They are used to determine the correct
scaling of the scene to metric coordinates.
In order to provide more than just a qualitative evaluation, the essential
geometric structures, e. g. the corners and edges of the buildings and windows
in the facade, were labeled by humans for two of the scenes. In addition, the
corresponding features in successive images of the scenes were labeled.
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Table 2: Consistency of the extracted topology between successive images of
real-world scenes for corners and line segments.
Corners
Line segments
Scene # pairs # matched prop. # pairs # matched prop.
No. 1 129
106
82% 187
165
88%
No. 2 1821
1198
66% 956
724
76%

Consistency of the Topology between Images. The idea of the first experiment is to determine the consistency of the extracted topology on real-world
images. We determine the detected features and the topological relationships
between them for all images of a scene. For all detected features for which a
human labeled ground truth feature exist, we determine whether a path exists
between them in the topology graph, that is, whether they belong to the same
connected component of the graph. Then we look at all successive image pairs
of the scene and determine how many of the feature pairs that are connected in
the first image of the image pair are also connected in the second image.
The results of the experiment are given in Table 2. The evaluation is made
separately for corners and line segments. Although the real-world images contain
partial occlusions and strong changes of the viewpoint, the proportion of topologically consistent feature pairs in successive images is between 66% and 88%. The
extracted topological relationships are therefore largely consistent across several
images of the scenes. The topology graph can thus provide valuable information
to support matching and correspondence search between images.
Reconstruction Results. In the second experiment, we perform a qualitative
evaluation of the reconstructed 3D models. We have tested it on the dataset with
six real-world scenes showing buildings. Figure 4, Figure 5 and Figure 6 show the
results of the SfM reconstruction in the first row and the results of the topologybased reconstruction in the second row for all six test scenes. The topology-based
reconstruction was performed for all vertical main planes detected in the scene.
Then the partial reconstructions are combined to one three-dimensional model.
All image features associated to a connected component of the topology graph
are drawn in the same color.
It is clearly visible that the related structures, such as the windows, are also
present in the topology-based reconstructed 3D model as a connected structure.
The topological relationships of the features can therefore also be preserved by
the method during the reconstruction. The contiguous planar objects of a scene
are thus also connected in the reconstructed model and on a common plane.
The advantages of the topology-based reconstruction approach become particularly clear in the second scene from Figure 4. The facades of the neighboring
half-timbered houses are reliably reconstructed. The panels between the timbers
are each identified and reconstructed as a connected planar structure. In the
result of the SfM reconstruction, only a small part of the area is reconstructed
and there is no information about the connection to each other.
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Fig. 4: Comparison of reconstruction results using real-world scenes. In the first
row the SfM reconstruction. Reconstructed lines are displayed in blue and reconstructed points in red. In the second row the topology-based reconstruction.
Features that belong to the same connected components of the topology graph
are drawn in the same color. In the third row the results of automatic detection
of rectangles based on topology-based reconstruction. For better visualization,
the rectangles (highlighted yellow) are projected into one of the input images.
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Fig. 5: Comparison of reconstruction results using real-world scenes. In the first
row the SfM reconstruction. Reconstructed lines are displayed in blue and reconstructed points in red. In the second row the topology-based reconstruction.
Features that belong to the same connected components of the topology graph
are drawn in the same color. In the third row the results of automatic detection
of rectangles based on topology-based reconstruction. For better visualization,
the rectangles (highlighted yellow) are projected into one of the input images.
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Fig. 6: Comparison of reconstruction results using real-world scenes. In the first
row the SfM reconstruction. Reconstructed lines are displayed in blue and reconstructed points in red. In the second row the topology-based reconstruction.
Features that belong to the same connected components of the topology graph
are drawn in the same color. In the third row the results of automatic detection
of rectangles based on topology-based reconstruction. For better visualization,
the rectangles (highlighted yellow) are projected into one of the input images.
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The third row of the figures shows the rectangles detected by our methods. For better visualization, the reconstructed rectangles are projected into one
of the input images. This enables an easier assessment of the quality of the
detection. Only the rectangle with the longest perimeter is displayed for each
connected component of the topology graph. It is clearly visible that most rectangular structures in the scenes are already extracted by this relatively simple
approach. In addition, the assumption that the rectangular structures in manmade environments often correspond to the windows is confirmed by the results.
Computational Performance. The runtimes for the SfM reconstruction and
the topology-based reconstruction on a laptop with a Core i5 are given in Table 3.
The algorithms are implemented as unoptimized C++ code. The runtime of the
SfM reconstruction depends mainly on the number of images in the scene and
the number of features that are detected in the images. The runtime per image is
between 7.5 s and 17.9 s. The reconstruction of a complete scene is thus completed
after a few minutes.
The detection of the main planes in the point cloud of the SfM reconstruction takes only a few seconds. The proposed method thus enables an efficient
detection of the main structures of a scene based on a sparse SfM reconstruction. The runtime depends only on the size of the point cloud and the bin width
of the histograms. The subsequent topology-based reconstruction method has
a runtime similar to the SfM reconstruction. The average runtime per image is
between 4.1 s and 14.1 s.
The runtime depends mainly on the number of planes and the number of
image features found on them. Scenes with few planes and a simple structure
can be reconstructed faster than scenes with many planes and a lot of image
features. Therefore, scene no. 3 (Figure 5, left column) has the shortest runtime,
since it is composed of only one plane and has a simple structure with few image
features. For scenes with several planes, e. g. no. 1 (Figure 4, left column), or a
lot of image features, e. g. no. 6 (Figure 6, right column), the runtime is longer.
The overall runtime of the proposed topology-based reconstruction method is
thus at a level that allows practical application in reconstruction frameworks.

Table 3: Evaluation of the runtime of the SfM reconstruction, plane detection, topology-based reconstruction and rectangle detection using six real-world
scenes. Indicated is the total time as well as the average per image.
Num. of
SfM
Plane
Topol.-based Rectangle
Scene images
reconstr.
detection
reconstr.
detection
No. 1
17
239.6 s (∅ 14.1 s) 7.3 s 239.7 s (∅ 14.1 s)
1.1 s
No. 2
11
82.1 s (∅ 7.5 s)
4.4 s 141.0 s (∅ 12.8 s)
2.0 s
No. 3
21
259.5 s (∅ 12.4 s) 2.0 s
86.1 s (∅ 4.1 s)
1.8 s
No. 4
14
215.6 s (∅ 15.4 s) 3.1 s 155.8 s (∅ 11.1 s)
1.5 s
No. 5
24
430.2 s (∅ 17.9 s) 3.5 s 249.6 s (∅ 10.4 s)
3.4 s
No. 6
32
522.7 s (∅ 16.3 s) 4.1 s 400.2 s (∅ 12.5 s)
3.2 s
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The detection of rectangles in topology-based reconstruction is very efficient
because the information about the connections between the characteristics is
available in the topology graph, so that the desired structures can be determined
with a simple search algorithm. The runtime for the detection of the rectangles
in the six real-world scenes is between 1.5 s and 3.4 s.

5

Conclusion

In this paper, we have presented a novel reconstruction method that uses the
topological relationship of the features to create a highly abstract but semantically rich 3D model of the reconstructed scenes, in which certain geometric
structures can easily be detected. The presented method can make a meaningful
contribution to the understanding and analysis of scenes, without the need to
perform a computationally complex multi-view stereo reconstruction.
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