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Abstract

Traditional Structure-from-Motion (SfM) approaches
work well for richly textured scenes with a high number
of distinctive feature points. Since man-made environments
often contain textureless objects, the resulting point cloud
suffers from a low density in corresponding scene parts.
The missing 3D information heavily affects all kinds of sub-
sequent post-processing tasks (e.g. meshing), and signifi-
cantly decreases the visual appearance of the resulting 3D
model. We propose a novel 3D reconstruction approach,
which uses the output of conventional SfM pipelines to gen-
erate additional complementary 3D information, by exploit-
ing line segments. We use appearance-less epipolar guided
line matching to create a potentially large set of 3D line
hypotheses, which are then verified using a global graph
clustering procedure. We show that our proposed method
outperforms the current state-of-the-art in terms of runtime
and accuracy, as well as visual appearance of the resulting
reconstructions.

1. Introduction

Extracting 3D information from a set of 2D images has
become a very popular and widely studied field over the
last few years [1, 9, 19, 20, 14, 21, 23]. Most of these
Structure-from-Motion (SfM) approaches are based on de-
tecting and matching distinctive keypoints over several im-
ages, by using invariant descriptors such as SIFT [18] or
SURF [3]. Therefore, we can only expect to obtain a high
amount of correct 3D information for scene parts which
correspond to highly textured and non-repetitive regions in
the underlying images. This is especially crucial for man-
made environments, which often contain weakly textured-
(e.g. facades) or even wiry objects (e.g. power pylons or
fences). Such structures contain a very low amount of key-
points, which additionally suffer from a low discriminabil-
ity. Hence, these objects are often poorly represented in the
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Figure 1. (a) Example image of the BOX sequence. (b) A tradi-
tional sparse 3D reconstruction [14] based on SIFT [18] features.
(c) Additional reconstructed 3D line segments as complementary
image features using our proposed method. As can be seen, the
metal box is hardly represented in the sparse point cloud, while it
is clearly recognizable when using 3D line segments.

resulting 3D point cloud.
Since man-made objects often consist of linear struc-

tures, line segments can be exploited to reconstruct their
boundaries and make them reappear in the 3D model. Tra-
ditionally, the task of matching 2D line-segments across im-
ages requires some appearance or color information (e.g.
by using histogram-based [2] or patch-based [25, 24, 16, 4,
5, 10] line descriptors), which would not be of much help
for very challenging scenarios, such as the occurrence of
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wiry structures or see-through objects. Not only do line-
segments located on such structures have a very high self-
similarity, but also the usage of appearance information is
usually not possible since the local surroundings are highly
viewpoint dependent.

In this paper we propose a novel approach to line-based
3D reconstruction, based on the output of any conventional
SfM pipeline. To be robust against occlusions, imprecise
line-segment detections, or unreliable appearance informa-
tion, we solely use weak epipolar matching constraints to
generate a large set of potentially matching 2D line seg-
ments among neighboring images, and compute a 3D hy-
pothesis for each of these matches as the intersection of
their viewing planes. To identify correct matches, we create
a sparse affinity matrix among all 2D segments, and esti-
mate their potential of belonging to the same physical 3D,
line by analyzing the coincidences among their 3D hypothe-
ses. To detect corresponding segments robustly, we apply
an efficient graph-based clustering method. The final set of
3D line segments is then computed from these correspon-
dences. Figure 1 shows an example SfM result for a metal
box, with and without additional 3D information generated
by our proposed method. As can be seen, the box is only
recognizable when using complementary 3D line features,
which significantly improves the overall appearance of the
reconstruction.

2. Related Work
While a lot of line matching methods have been pre-

sented over the years (e.g. [25, 24, 5]), actual line-based
3D reconstruction approaches are surprisingly rare. This
may be due to the fact that relative pose estimation using
line-segments is only possible for matched segments in very
special spatial configurations (e.g. [7]), or because the vast
majority of line matching approaches are not able to handle
the real challenging cases, such as wiry objects. Neverthe-
less, a few methods which are capable of handling such ob-
jects as well have been presented recently [15, 13, 12, 11].

What all these approaches have in common is that they
rely on given camera poses. This is necessary to omit ex-
plicit line matching, since without any kind of pose- or reli-
able appearance information a 3D reconstruction would be
impossible. While this seems to be a drawback, accurate
camera pose estimation alone is usually much easier than
generating dense 3D models, and also works well around
complex- and weakly textured objects. In [15] they try to es-
timate the correct depth of all 2D line segments individually,
by computing a score for each possible 3D location within
a certain sweeping range. This is done by backprojecting
all 3D hypotheses into neighboring images, and computing
a gradient score (since physical 3D lines appear as strong
gradients in images). After computing the most plausible
3D location for each 2D segment, they apply a direct spatial

clustering procedure with a fixed radius, to fuse segments
which belong to the same physical line and discard out-
liers. While their approach produces visually very pleasant
results, it is comparably slow due to the huge amount of po-
tential locations that have to be verified. To overcome this
limitation, Hofer et al. [13] used weak epipolar matching
constraints among neighboring images, to limit the possible
3D locations for each line segment to a much smaller and
discrete set. They adopted the idea of gradient scoring and
spatial clustering, and showed significant runtime improve-
ments without sacrificing the accuracy. The same group of
authors also presented two incremental approaches [12, 11],
which are able to generate 3D line models in conjunction
with any online SfM system directly on-the-fly. They addi-
tionally got rid of the time consuming gradient scoring step,
and demonstrated how 3D line hypotheses can be success-
fully verified using scale-invariant spatial clustering on its
own.

While all of these approaches deliver reasonable results,
the offline algorithms have an impractically high runtime
[15, 13], while the online approaches often struggle to ob-
tain complete and accurate reconstructions (due to their in-
cremental and greedy nature). Additionally, they either rely
on appearance information (to achieve a reasonable perfor-
mance) [11], or suffer from gross outliers when using a
larger spatial grouping radius [12] (which is often necessary
to obtain complete reconstructions with a reasonable num-
ber of images). To overcome these drawbacks, we build up
on the concept of weak epipolar-guided matching, to gener-
ate a large set of potentially matching 2D line segments. For
each 2D segment we compute a set of 3D hypotheses cor-
responding to these matches, and compute a score for each
of them using the spatial hypotheses distribution rather than
time-consuming gradient scoring. This is based on the idea
that if we find a correct match for a 2D segment in sev-
eral neighboring images, the resulting 3D hypotheses will
be close in space, while outlier matches are at an arbitrary
position. Hence, correct hypotheses are in general closer to
each other than incorrect ones. We use this information to
select the most plausible 3D hypothesis for each 2D seg-
ment, which we then group together using a global graph-
clustering algorithm.

In Section 3 we will explain our pipeline in more de-
tail, before we conclude with extensive experiments on
synthetic- as well as real-world datasets in Section 4.

3. Line-based 3D Reconstruction
Given an unordered set of images I = {I1, . . . , IN}

and their corresponding camera poses C = {C1, . . . , CN},
we want to reconstruct an accurate 3D line model. There-
fore, we first need to detect a set of 2D line segments
Li = {li1, . . . , lini} for each image Ii, where each line seg-
ment lin = {pin, qin} consists of two 2D points p and q in the
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image space. For this purpose we use the popular Line Seg-
ment Detector (LSD) [22] algorithm, which offers accurate
detections with a very low number of false positives. We
furthermore define l̂in to be the infinite line passing through
lin. Since it only makes sense to match images with an
overlapping field of view, we define a visual neighbor set
ζmi ⊂ {1, · · · , N}\{i} for each image Ii, which holds the
indices of its m nearest neighbors (images) with respect to
the number of common worldpoints (obtained by the sparse
SfM beforehand).

The computing steps for our approach are as follows. In
Section 3.1 we show how to compute a large set of poten-
tial pairwise 2D line segment matches among neighboring
images. In Section 3.2 we explain how we create 3D hy-
potheses for each of these matches, and in Section 3.3 we
show how to select the most suitable hypothesis for each
2D segment. Finally, in Section 3.4 we demonstrate how to
compute pairwise affinities among potentially matching 2D
segments using their selected hypotheses in a scale invariant
way, and how to cluster corresponding segments together
using graph clustering.

3.1. 2D Line Segment Matching

The first step in our pipeline is to find all potentially
matching 2D line segments among all neighboring images.
Since we do not want to use appearance information (to
be able to handle wiry structures as well as see-through
objects), we exploit weak epipolar constraints, similar to
[12]. These constraints roughly state that for two line
segments lin ∈ Li and ljm ∈ Lj (where j ∈ ζmi ) at
least one of the endpoints of ljm must be relatively close
to one of the epipolar lines defined by the endpoints of
lin (endpoint similarity), and the opposite endpoint of ljm
must be located in the same direction as the other epipo-
lar line (orientation). To avoid any kinds of heuristics re-
garding the definition of how close a segment endpoint has
to be to its nearest epipolar line, we change the match-
ing constraints such that we only require a slightly mod-
ified orientation constraint. Therefore, we first compute
the intersection points x1 and x2 with l̂jm and the epipolar
lines of lin. We then assign the endpoint-intersection pair
(p, x)

(
p ∈ ljm and x ∈ {x1, x2}

)
with minimal Euclidian

distance to each other, as well as the remaining two points
(q, y)

(
q ∈ ljm, q 6= p and y ∈ {x1, x2}, y 6= x

)
. We define

a binary sparse matching matrix Π (to store the potential
correspondences for each image pair) as

Πi,j(n,m) =

{
1 if 〈−→pq,−→xy〉 > 0
0 else , (1)

where 〈·, ·〉 is the dot product. This simple constraint dis-
cards matches with an improper orientation with respect to
the epipolar geometry, while simultaneously ensuring maxi-
mum robustness regarding imprecisely detected or occluded

segment endpoints.
To limit the number of outlier matches as much as

possible we also perform the reverse matching procedure,
and only keep potential matches for which Πi,j(n,m) =
Πj,i(m,n) = 1. Since this procedure is purely local and
only affects two images at a time, it can be heavily paral-
lelized for maximum efficiency. Once we have obtained all
pairwise matches we can proceed to the task of 3D hypothe-
ses computation.

3.2. 3D Hypotheses Estimation

Having a potentially huge set of correspondences, we
want to rank them according to a score which directly
reflects the probability of correctness. Since appearance
cannot be used reliably in many cases (as stated above),
we want to model the quality of a 2D matching hypothe-
sis based on the spatial configuration of its corresponding
3D line (which can be easily computed with given camera
poses). The main idea is that all 3D hypotheses defined by
correct matches for a segment lin have to be close in space,
since (ideally) the intersection of their viewing planes (de-
fined by the rays through the segment endpoints and the
camera center) has to be the actual physical 3D line, which
does not hold for outlier matches. This is of course not
exactly true for realistic scenarios, since there are always
small uncertainties in the pose estimation- as well as the
line segment detection steps. Nevertheless, we can exploit
this property to define which hypotheses do make sense, and
which do not.

First, we have to compute a 3D hypothesis hi,jn,m ={
P i,jn,m, Q

i,j
n,m

}
for each potential match lin and ljm

(Πi,j(n,m) = 1), which is the 3D line segment located
on the intersection line between the viewing planes of lin
and ljm, whose endpoints coincide with the 2D segment lin.
While we could use ordinary triangulation to compute this
3D segment [13, 12, 11] (which requires a singular value
decomposition), we do this in a more efficient way by sim-
ply intersecting the viewing planes for both 2D segments in
3D. To achieve this, we compute the normal vectors vi,n and
vj,m of the viewing planes through lin and ljm, as well as nor-
mal vectors p̃i,n and q̃j,m for the planes passing through pin
and qin perpendicular to lin (all normal vectors are normal-
ized to unit length). These vectors can be easily computed
as

vk,· =
(
RTkK

−1
k p

)
×
(
RTkK

−1
k q

)
, (2)

where Rk and Kk are the rotation matrix and intrinsics of
cameraCk, and p and q (p 6= q) are two arbitrary 2D projec-
tions of the desired 3D plane (in homogeneous coordinates).

Finally, the 3D segment endpoints P i,jn,m and Qi,jn,m can
be computed as

P i,jn,m =
−d1(vj,m×p̃i,n)−d2(p̃i,n×vi,n)−dp3(vi,n×vj,m)

〈vi,n,(vj,m×p̃i,n)〉 (3)
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Qi,jn,m =
−d1(vj,m×q̃i,n)−d2(q̃i,n×vi,n)−dq3(vi,n×vj,m)

〈vi,n,(vj,m×q̃i,n)〉 (4)

where d1 = −〈vi,n, Zi〉, d2 = −〈vj,m, Zj〉, dp3 =
−〈p̃i,n, Zi〉, dq3 = −〈q̃i,n, Zi〉, and Zk is the camera cen-
ter of camera Ck.

With this simple procedure we can directly compute the
3D hypotheses during the matching procedure on the GPU
for maximum efficiency. We have evaluated the accuracy of
this approach compared to ordinary triangulation and found
the differences to be in the range of 10−6. To obtain the
inverse hypothesis hj,im,n (with respect to ljm) we perform
the same procedure as above with exchanged indices.

Once we have computed the set of all possible hypothe-
ses, we can rank them according to their score, which we
define in the following section.

3.3. Hypothesis Selection & Outlier Removal

To estimate which 3D hypotheses are more likely to be
correct than others, we define a score based on the spatial
proximity of hypotheses which share a 2D segment. Similar
to [12, 11] we do not want to count the number of spatially
close hypotheses, but rather the number of different cameras
which we could connect within a certain grouping radius r.

The question is of course how to define such a radius
in a scale-invariant way. We adapt the idea of deriving a
meaningful value for r from a user defined maximum un-
certainty σ in the image space from [12, 11], but addition-
ally incorporate depth information to compensate for larger
uncertainties farther away from the camera. We therefore
compute a characteristic radius ri,jn,m for each hypothesis
hi,jn,m by computing the average distance of its endpoints
to a plane through an orthogonally shifted version of lin by
a distance σ. We further define dP i,jn,m and dQi,jn,m to be the
distances of the endpoints of hi,jn,m to the camera center Zi.
Afterwards, we set a view specific characteristic grouping
radius ri to be the median over all values ri,·n,·, and di is
the average endpoint-to-camera distance of the selected el-
ement (corresponding to the median).

We now define a binary decision function as

ϕ
(
hi,jn,m, Ck

)
=

1 if ∃hi,kn,· :
P i,jn,mP

i,k
n,· < wP i,jn,m · ri ∧

Qi,jn,mQ
i,k
n,· < wQi,jn,m · ri

0 else

(5)

with

wXi,jn,m =

{
d
X
i,j
n,m

di
if dXi,jn,m < 2di

2 else
, X ∈ {P,Q}

(6)
being a linear scale factor to allow higher uncertainties in
the distance, and smaller uncertainties closer to the camera.

We now compute the local score for each hypothesis as

ψ
(
hi,jn,m

)
=
∑
y∈ζmi

ϕ
(
hi,jn,m, Cy

)
, (7)

Figure 2. This figure illustrates the set of most plausible hypothe-
ses h∗

i,n for each 2D line segment lin from the BOX sequence (Fig-
ure 1). The colors indicate the hypotheses scores ψ̂ in the range
of 1 (blue) to 0 (red). As we can see, most of the line segments
vote for their correct position in 3D, with a low number of gross
outliers.

which coincides with the number of cameras agreeing on
hi,jn,m, with respect to the allowed spatial uncertainties. We
additionally discard hypotheses for which the score is below
a visibility threshold α. Afterwards we normalize the scores
to [0, 1] by dividing ψ(hi,jn,m) by the locally highest score

ψ∗i,n = maxj,m
(
ψ
(
hi,jn,m

))
. (8)

To be more robust against outlier hypotheses, we assign the
same final score ψ̂ for pairwise hypotheses defined as

ψ̂
(
hi,jn,m

)
= min

(
ψ
(
hi,jn,m

)
, ψ
(
hj,im,n

))
, (9)

to prevent that hypotheses gain importance which are only
plausible for one of their 2D residuals.

Finally, we select the most plausible hypothesis h∗i,n for
each 2D segment lin to be the hypothesis hi,·n,· with the max-
imum score. Figure 2 shows all selected hypotheses for the
BOX sequence. As we can see, most of the line segments
already vote for their correct 3D position with a very low
number of outliers. To reconstruct a 3D line model using
this information, we can now proceed to the task of line
segment clustering.

3.4. Graph Clustering

After the hypothesis selection step we end up with one
3D hypothesis for each 2D segment. To actually cluster cor-
responding 2D segments together we do not want to apply a
direct greedy clustering algorithm as in previous approaches
[15, 13, 12], but rather want to employ a global clustering
algorithm which takes into account the whole hypotheses
constellation (similar to [11], but on the 2D segment and
not the 3D hypotheses level). This prevents the clustering
of hypotheses which are just close in space coincidentally,
and suppresses the occurrence of gross outliers in the fi-
nal model even for larger values for σ. We therefore define
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a global sparse affinity matrix A among all 2D segments.
The majority of the matrix entries are zero (since only po-
tentially matching 2D segments can have non-zero affini-
ties). The affinity for matching segments lin and ljm (with
Πi,j(n,m) = 1) is defined as

Aη(i,n),η(j,m) =

{
ψ̂
(
h∗i,n

)
· e−

λµ
i,j
n,m
ri,j if µi,jn,m < ri,j

0 else
(10)

where η(·, ·) assigns consecutive and unique row indices to
2D line segments, ri,j = 0.5(ri+rj), and µi,jn,m is the max-
imum distance between the endpoints of h∗i,n to the infinite
line ĥ∗j,m and vice versa. The scaling factor λ is by de-

fault chosen such that the affinity weight e
−λµ

i,j
n,m
ri,j is still

0.5 if the maximally allowed distance ri,j between the 3D
hypotheses is reached.

Given this affinity matrix, we exploit the efficient graph
clustering approach by Felzenswalb and Huttenlocher [8],
which works in a completely unsupervised way and does
not require a priori knowledge about the expected number
of clusters. As an input it only requires a region preference
parameter. Since this parameter roughly corresponds to the
desired minimal cluster size, we set it to α (which is the
minimum number of cameras which have to support a valid
cluster).

Given the clustering result, we compute the final set of
3D line segments by merging the most plausible hypotheses
for all clustered 2D segments. Similar to [15] we find the
direction of the underlying 3D line using principal compo-
nent analysis of the scatter matrix containing all endpoints
of the 3D hypotheses. A point on the line is computed as the
center of gravity among these endpoints. We finally project
all hypotheses endpoints onto the newly defined 3D line and
consider all sub regions on this line to be valid 3D line seg-
ments, if they are visible in at least α cameras (based on the
projected 3D hypotheses).

Using these steps we are now able to generate accurate
and complete 3D line models from arbitrary sparse 3D re-
constructions (as seen in Figure 1). In the following sec-
tion we will evaluate our approach on several challenging
datasets, and compare with several existing methods.

4. Experimental Results
To demonstrate the capabilities of our proposed method,

we compare ourselves to state-of-the-art methods [15, 13,
12], by performing several qualitative and quantitative ex-
periments. To preprocess our datasets (i.e. perform pose
estimation) we use an offline SfM pipeline [14], which uses
SIFT features [18]. Since [12] is originally an incremental
approach, we feed the already computed camera poses se-
quentially into the algorithm for a fair comparison. Our test
system is a standard desktop PC equipped with a GeForce

GTX780Ti graphics card. Since most of the processing steps
in our algorithm are parallelizable (except for the final clus-
tering step), we exploit the compute capabilities of CUDA
for maximum efficiency.

All parameters are set to default values and remain un-
changed for all experiments (m = 10, σ = 10, and α = 4).
Since the LSD algorithm (line segment detection) suffers
from large image sizes, we scale down all images to ap-
proximate FullHD resolution (as suggested in [12]). This
does not affect the accuracy and quantity of the detections
in a negative way, but decreases the runtime significantly.
We operate on the smaller images for all competitive algo-
rithms.

4.1. Quantitative Evaluation

To evaluate the accuracy of our proposed method com-
pared to state-of-the-art methods [15, 13, 12], we use the
synthetic Timberframe 1 dataset. As an error metric we
compute the Hausdorff distance between densely sampled
points along the 3D line segments, and the groundtruth
CAD model. Figure 3 shows the reconstruction results for
all competing methods with a visualization of the root mean
squared error (RMSE).

As can be seen, our approach achieves the highest accu-
racy among the competing algorithms (RMSE = 0.046,
vs. second best [13] RMSE = 0.064). Additionally, with
an average runtime of ∅t = 0.21 seconds per image, our ap-
proach is more than three times as fast as [12] (∅t = 0.74
seconds). This is mainly due to the exploitation of massive
parallelism using the GPU, and the usage of efficient graph
clustering [8]. Please note that the runtimes include all nec-
essary steps, including data I/O and line segment detection.

4.2. Qualitative Evaluation

To further demonstrate the effectiveness of our al-
gorithm, we performed additional qualitative evaluations
against [13] and [12]. For this purpose we have chosen sev-
eral challenging test sequences, including wiry structures.
Figure 4 shows the reconstruction results, the relevant num-
bers (e.g. runtime) can be found in Table 1.

As we can see, we significantly outperform the state-
of-the-art in terms of runtime throughout all test sequences
(up to ten times faster as [12]). Additionally, our approach
generates much cleaner and more accurate results. While
[13] frequently manages to generate complete reconstruc-
tions, it often suffers from severe outliers (e.g. in the BOX
sequence). In contrast, [12] does not generate any gross
outliers in our experiments, but often misses relevant parts
of the underlying scene. This is due to the very small
spatial grouping radius (derived from a maximum repro-
jection error of only 1 pixel), which cannot handle larger
triangulation- and pose uncertainties. We did not increase

1http://www.mpi-inf.mpg.de/resources/LineReconstruction
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(a) Example (b) [15] (c) [13] (d) [12] (e) Ours

Figure 3. (a) Example image of the synthetic Timberframe sequence (240 images). (b) Original result by [15] (runtime of several hours,
RMSE = 0.189, mean = 0.137). (c) Result by [13] (∅t = 3.14, RMSE = 0.064, mean = 0.037). (d) Result by [12] (∅t = 0.74,
RMSE = 0.080, mean = 0.044). (e) Our results (∅t = 0.21, RMSE = 0.046, mean = 0.029). All runtimes ∅t are in
seconds. The reconstructions have been colored to visualize their root mean squared error (RMSE) with respect to the groundtruth CAD
model.

[13] [12] Ours
Sequence #img. #seg. t [s] ∅t [s] #seg. t [s] ∅t [s] #seg. t [s] ∅t [s]
PYLON 106 4261 680.91 6.42 1017 213.68 2.02 2950 29.07 0.27
BOX 139 1131 294.53 2.12 331 171.83 1.24 484 39.59 0.28
FACADE 317 6067 4319.20 13.63 2263 572.05 1.80 5009 64.32 0.20
PYLON II 35 1951 303.75 8.68 187 92.63 2.65 889 10.07 0.29

Table 1. Evaluation for the used test sequences (Figure 4). #seg. stands for the number of generated 3D line segments, t is the total runtime
in seconds, and ∅t is the average runtime per image.

this value in [12] for our evaluations, since this quickly
leads to extremely noisy reconstruction results, with a se-
vere amount of outliers. We do not suffer from this problem
since we do not use σ for direct clustering, but rather for
estimating probabilities for 3D line hypotheses. Figure 5
illustrates the robustness of our approach against different
values for σ for the FACADE sequence. As can be seen,
our approach can successfully handle smaller- (with only
few 3D lines disappearing), as well as significantly larger
values (without introducing outliers).

To demonstrate the positive effects of having additional
complementary 3D information in the final 3D model, we
have computed two separate 3D meshes for the BOX se-
quence, one by using the sparse point-cloud only, and the
other one by using the improved 3D model with additional
3D line segments. Figure 6 shows the simple textured
meshes for both cases. As we can see, more 3D information
is definitely beneficial, and the visual appearance of the 3D
mesh is significantly improved.

5. Conclusion
We have proposed a novel line-based 3D reconstruction

approach, which operates on sparse SfM results. We have
shown that adding complementary 3D information, in the
form of 3D line segments, significantly improves the over-
all visual appearance of the resulting reconstructions. We
significantly outperform the current state-of-the-art in terms

of runtime, as well as accuracy and completeness of the 3D
models. The usage of a robust maximum uncertainty pa-
rameter in the image space allows scale invariant 3D recon-
struction, with a low probability of outliers. Global graph-
clustering and massive parallelism lead to a robust and effi-
cient line-based 3D reconstruction method, which can han-
dle solid- as well as complex wiry objects.

Since we do not only encounter linear edges in man-
made environments, we want to investigate the incorpora-
tion of more complex object boundaries into our pipeline in
the near future. Furthermore, we want to evaluate the possi-
bility of integrating our method into a real-time SLAM [6]
or PTAM [17] system. We strongly believe that incorporat-
ing complementary 3D information will lead to significant
improvements for all kinds of visual navigation tasks in ur-
ban environments. We are positive that our concepts can be
adapted for real-time computation, without sacrificing the
accuracy and robustness.
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