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Abstract. This paper presents a fast and reliable approach for detecting 3D line segment on the unorganized point clouds from multi-view
stereo. The core idea is to discover weak matching of line segments by
re-projecting 3D point to 2D image plane and infer 3D line segment by
spatial constraints. On the basis of 2D line segment detector and multiview stereo, the proposed algorithm ﬁrstly re-projects the spatial point
clouds into planar set on diﬀerent camera matrices; then ﬁnds the best
re-projection line from tentative matched points. Finally, 3D line segment is produced by back-projection after outlier removal. In order to
remove the matching errors caused by re-projection, a plane clustering
method is implemented. Experimental results show that the approach
can obtain satisfactory 3D line detection visually as well as high computational eﬃciency. The proposed fast line detection can be extended in
the application of 3D sketch for large-scale scenes from multiple images.

1

Introduction

In recent years, image-based rendering for large-scale scene has been becoming
a hot topic in the ﬁeld of computer vision and virtual reality. There are mainly
three kinds of rendering models in 3D scene visualization, including point cloud
based model, line segment based model and texture based model. Point cloud
based model is eﬃcient for rendering, but it lacks of ability to describe the overall
structure of the scene. Texture based model has a strong sense of reality, but the
number of texture images is huge and the rendering speed is often not to achieve
the purpose of fast roaming if the larger scene is considered. At this point, line
segment based model becomes the best choice for a fast rendering due to the
simple structure and high performance.
Line matching across views is known to be diﬃcult when performing the 3D
line segment detection. Although various types of prior information have been
used in previous approaches [8, 10, 11, 17, 18], the task of line matching remains
challenging. Because previous techniques are based on the idea of searching for
line correspondence in 2D planar space, the line matching algorithm is roughly
exponential to the number of images. Meanwhile, traditional methods improve
the accuracy of 3D line segments only by restraining matching accuracy of 2D
line segments, e.g., multiple match pairs are linked into a connected component
veriﬁed for consensus in at least four views [12–14], which could not remove false
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3D lines successfully in the complicated scene. To address these problems, we
proposed an eﬃcient computational model for line matching and an eﬀective
mechanism based on spacial plane clustering to remove the false line segments.
Compared to previous work, this paper makes the following contributions:
– proposes a new line matching model which is called weak matching to reduce
the time complexity from exponential level to multiplier level.
– presents a spatial coplanarity constraint to eliminate the false matching and
remove false 3D line segments.
1.1

Traditional Line Matching Algorithm

Traditional 3D line segment detection consists of two steps: (1) match the 2D line
segments between images and ﬁnd the inter-image homography; (2) triangulate
the matching 2D line segments and obtain a 3D line segment. It is known that
time complexity of traditional algorithm is exponential to the number of images.
That is to say, given N images and approximately M lines in each image, the
total complexity of line matching is roughly O(M N ).
In order to reduce the quantity of matching, Schmid et al. [10, 11] and Heuel
et al. [8] introduced ways of using geometric constraint to restrict searching area
within the epipolar beams, respectively. Woo et al. [17, 18] used disparity data
among images as a prior information to ﬁnd out lines with similar disparity
distribution. Such methods could improved matching eﬃciency in some cases,
but need to know the epipolar geometry or disparity in advance, which is limited
to small scenes and can not be extended to large scale scene applications.
Sinha et al. [12] and Snavely et al. [13, 14] derived sets of candidate 2D line
matches by comparing line segments between pairs of nearby images which is
suitable for large scale scene. But these methods use intensity values around lines
for similarity measurement which may be not eﬀective for wide baseline images.
Bay et al. [2] proposed to ﬁnd a solution from similarity measurement between
images by using color histogram as feature descriptor to reduce computational
complexity. But this method fails when the illumination changes dramatically.
More recently, Fan et al. [4] introduced an aﬃne invariant to match lines by
point correspondences. But it need to ﬁnd corresponding points coplanar with
lines since they can be regarded as related by the same aﬃne transformation,
which may fail when dealing with images including sharp disparity distribution. Wang et al. [16] proposed to cluster line segments according to the relative
position to form a more robust feature representation. However, the issue of combinatorial expansion still remains. Eden et al. [3] proposed to calculate 3D ROI
(region of interest) which divided the space region into smaller cubes and solved
the matching problem for line segments that lied inside each cube. Assuming
that lines are distributed in the cubes homogeneously, the estimated number of
lines inside each cube is M/C and the algorithmic complexity is O(M N /C N ),
where C is the total number of cubes. However, the time complexity becomes
unacceptable when N is greater than 100. In real world applications of multi-view
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Fig. 1. An overview of 3D line segment detection from multi-view stereo

stereo towards Internet-scale [1, 6], the number of images exceeds over ten or
hundred thousands, so we need to ﬁnd new eﬀective and eﬃcient ways to solve
2D line matching issue.
In addition, as the number of images becomes larger, more and more matching
errors occur, which produces false 3D line segments inevitably. We need an outlier
screening criterion to remove false line segments but this issue has not been fully
addressed in the state-of-art approaches.
1.2

The Approach

We propose a new matching model, so-called weak matching, to collect correspondence between 3D points and 2D lines. A fast line segment detector (LSD)
[7] is applied to extract 2D line segments. Moreover, we employ plane clustering
and check whether endpoints of line segment belong to the same plane to screen
out false matching derived from re-projection ambiguity.
Fig. 1 depicts an overview of the proposed approach. The left of Fig. 1 is the
input of a photo collection, e.g., benchmark data of Hall, and the right is the
output of 3D line segment model. In the middle of Fig. 1, the process ﬂow shows
the detailed steps in 3D line segment detection. From top to bottom, a fast LSD
detector is implemented to extract 2D line segments in each image. Then a dense
3D point clouds are reconstructed by the SfM methods. We re-project each 3D
point to obtain a weak matching of 2D lines and search each image to ﬁnd a best
re-projected line with maximum re-projection points. Finally, we obtain 3D line
segments through a back-projection. All lines are further veriﬁed by the coplanar
constraint that two endpoints of 3D line should be in the same plane. The false
3D line segments are removed by a plane clustering algorithm.
The high-lighted steps of Fig. 1 are the main contributions of this paper. In
the following sections, we address three key issues, 2D line segment matching,
3D line segment generation and false matching removal, respectively.
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A New Matching Model for 2D Line Segment

Suppose we have K 3D points {X K } and N camera matrices {P N } reconstructed
from N images {I N } by the SfM methods [5, 13] and Mi lines extracted by LSD
[7] in ith image. Given a spatial point X, the re-projection of X in each image
is xi = Pi X, where Pi is the projection matrix of ith camera. We have an
assumption before introducing matching model. That is, the re-projection point
xi falls into image Ii in two ways, (1) xi does not belong to any lines; (2) xi
belongs to one line only. Case 2 happens when xi is a true feature point and can
be observed in that image.
We deﬁne the weak matching between line segments in two images, if and
only if the two line segments are associated with the same spatial point X, i.e.,
lim1  ljm2

if and only if X = Pi−1 xi , X = Pj−1 xj , xi ∈ lim1 , xj ∈ ljm2

(1)

th
where lim1 is the mth
image and ljm2 is the mth
1 line (m1 ∈ [1, Mi ]) in the i
2
th
line (m2 ∈ [1, Mj ]) in the j image, respectively.
We collect 2D line segments hit by xi in possible views with a list outX by
Eqn.(2). Then the line segments in outX match with each other weakly.

outX = {lim |xi = Pi X, xi ∈ lim , i = 1, 2, . . . , N }

(2)

Assuming that a 3D line segment includes X. Accordingly, we can build a point
list outlim by Eqn.(3) to collect the re-projection points in ith view, which is
used to reconstruct 3D line.
outlim = {xi |xi = Pi Xk , xi ∈ lim , k = 1, 2, . . . , K}

(3)

Fig. 2 shows an example of weak matching among 2D lines within three images.
The 3D point X is re-projected to 2D points x1 , x2 and x3 in three views,
highlighted by green color, respectively. The red line segments l11 , l21 , and l31
are associated with the same spatial point X. The same thing happens to the
blue line segments l22 and l32 , but the spatial point Y can not be found associated
with any lines in the ﬁrst view. So two corresponding line sets of X and Y are
created as outX = {l11 , l21 , l31 } and outY = {l22 , l32 }, respectively.

Fig. 2. An illustration of weak matching
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As 2D line segments have width, the calculation will become very complex
when matching the lines between images by judging the geometric relationship
among them. In order to improve the eﬃciency, we take Algorithm 1 to compute
weak matching, where outX is a line set corresponding to the same point X, and
outlim is the re-projection point set falling into the line lim . And {IˆN } is a set
of N label images corresponding to the 2D line segments in N images. A label
image is acquired by a ﬂood ﬁll algorithm according to the 2D line segments in
one image. The label of xi is deﬁned in Eqn.(4).

m if xi ∈ lim
ˆ
I(xi ) =
(4)
0 otherwise
For any point X, if the label of xi = Pi X is equal to m, we can deduce xi ∈ lim .
Pixels on the same line have the same label, i.e., the line’s label.
One can ﬁnd in Algorithm 1 that the matching process completes after a
double loop. Given K spatial points and N label images, the time complexity
is bounded to O(N K). The larger the line set is, the more probable a spatial
point corresponds to a 3D line segment. When the size of a line set is smaller
than 2, which means a spatial point can be re-projected into less than 2 images,
→
−
→
−
we call such line a pseudo contour. As shown in Fig. 3, the red lines ab and cd
are detected in two diﬀerent images, but they should not correspond to any line
segments because they are not real contours of the object. In order to remove
the pseudo contour, the number of a meaningful line set must be restricted to 2
at least in the experiment (See more details in section 4).

3

3D Line Segment Generation

Given a 3D line segment L, we suppose Xk is a point in L, and xik is a reprojection of Xk in the ith image. Considering every 2D line segment that contains xik , l can be the best re-projection line of L only if the number of the
re-projection occupies the most compared to other lines. And endpoints of L
can be deduced by the re-projection set in l.
Given a re-projection point x and 2D line segment l, the indicator function
E is deﬁned as,

1 if x ∈ l
E(x, l) =
(5)
0 otherwise

Fig. 3. An illustration of pseudo contour in planar images
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Algorithm 1. Weak matching
Input: 3D points {X K }, projection matrices {P N }, line segment label images {IˆN }.
Output: list outlim for attaching points of each lim , list outX for attaching lines
of each point X.
1
2
3
4
5
6
7
8
9

foreach point X in {X K } do
xi ← XPi ;
foreach label image Iˆ in IˆN do
ˆ i )==m then
if I(x
add xi to outlim ;
add lim to outX;
endif
endfor
endfor

Let A(i, m) be the statistical term of the re-projection of all points in the mth
line segment of the ith image,
K


A(i, m) =

E(xik , lim )

(6)

k=1

where K is the number of 3D points, xik is the re-projection of spatial point Xk
in the ith image, and lim is the mth line segment in the ith image.
A 3D point can be re-projected to N diﬀerent images, while each image has
Mi lines respectively. The best re-projection line is solved by,
(i∗ , m∗ ) =

argmax

A(i, m)

(7)

1≤i≤N,1≤m≤Mi

When the best re-projection line li∗ m∗ is determined by Eqn.(7), we take reprojection points that stand nearest by the endpoints of li∗ m∗ as the endpoints
of 3D line. The 3D line segment is obtained through a back-projection. Let {x}
→
be the re-projection set on the best line segment −
p−
1 p2 , i.e., li∗ m∗ , and q1 , q2 be
−−−→
the endpoints of projecting 3D line segment Q1 Q2 in the best view, thus the
coordinates of q1 and q2 are calculated as,
q1 = argmin dist(xk , p1 ),
xk ∈{x}

q2 = argmax dist(xk , p1 )

(8)

xk ∈{x}

where dist(·, ·) is the Euclidean distance of two points.
The coordinates of endpoints of 3D line are obtained by a back-projection,
−−−→
−1
i.e., Q1 = Pi−1
∗ q1 and Q2 = Pi∗ q2 . Then a 3D line segment Q1 Q2 is created.

4

False Matching Removal

The new matching model permits the partial matching between line segments.
Such model is comfortable for the simple planar model but may fail in the
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Fig. 4. An illustration of re-projection ambiguity

complex scene. False matching occurs when occlusions or large disparities exist
where non-coplanar points may fall into the same line segment after the reprojection. Fig. 4 show an example of re-projection ambiguity. The red line
→
−
→
−
segments ab in the left image and cd in the right image may match partially.
→
−
→
−
The green point x1 falling on ab and x2 on cd are re-projections of spatial
→
−
point X in two diﬀerent images. Through the algorithms discussed above, ab is
selected as the best line segment of re-projection for it maximizes the statistic
→
−
term of re-projection points. However, ab corresponds to a false 3D line when
→
−
back-projected to 3D space. The real best line segment of re-projection is cd.
In order to eliminate the ambiguity caused by re-projection, this paper uses
a plane clustering algorithm [9] to extend the dimension. The discrete spatial
points are ﬁtting to a series of local planes, where curved surface is approximated
by some small planes. After clustering process, each spatial point is assigned
with a index of plane. A re-projection point inherits the index of the spatial
point which is projection-related. A new constraint is added to the line segment
detection process, i.e., all re-projection points in the best line must be coplanar
with the reference point. The statistic term is modiﬁed as
Ã(i, m) =

K

k=1

X
E(xp=p
, lim ).
ik

(9)

where p and pX are the plane indexes of 3D point Pi−1 xik and the reference
point X, respectively.
Algorithm 2 shows a pseudo-code of the complete algorithm. We ﬁrst search
every line segment associated the spatial point X for a best line of re-projection,
then obtain two points nearest to the line’s endpoints as well as coplanar with X.
The 3D line segment is generated by back-projection. Once a best line is found
and the re-projection endpoints q1 and q2 are determined, other points that fall
→
q−
on the line segment li∗ m∗ are represented by the line −
1 q2 . After that, the status
−1
−1
of 3D points which fall into the set [Pi∗ q1 , Pi∗ q2 ] are changed to used.

5

Experimental Results and Analysis

To evaluate the performance of the proposed algorithm, we use three image
database, which contain planar model, occluded model and curve model.
Bundler [13] and PMVS (Patch-based Multi-view Stereo) [5] softwares are
used for obtaining both camera projection matrices and 3D point clouds. LSD
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Algorithm 2. 3D line segment detection
Input: 3D points {X K },projection matrices {P N }, line segment label images {IˆN }.
Output: result list out for 3D line segment.
1 foreach point X in {X K } do
2
if status(X) == notUsed then
3
xi = Pi X;
4
foreach line lim in outX do
5
Ã(i, m) ← Sum(E(xik , lim ));
6
endfor
7
(i∗ , m∗ ) ← argmax(Ã(i, m));
8
if all points of outli∗ m∗ are coplanar with X then
9
ﬁnd (q1 , q2 ) nearest the line’s endpoints;
−1
10
Q1 = Pi−1
∗ q1 , Q2 = Pi∗ q2 ;
−−−→
11
add line segment Q1 Q2 to out;
−1
12
status of point in [Pi−1
∗ q1 , Pi∗ q2 ] ← Used;
13
endif
14
endif
15 endfor

detector is used for 2D line segment detection which has been proved highly
eﬃcient and precise [7]. Label images are created by a ﬂood ﬁll algorithm. All
2D line segments in one image correspond to a label image. When searching
3D point cloud for the best line of re-projection, we do not need to investigate
images that do not contain the reference spatial point. The homography between
points and images (in patch ﬁle) is used to decrease the size of searching images.
All the experiments are executed on a PC with Intel (R) Core (TM) 2.0 GHz
processor and 2GB memory.
5.1

Simple Planar Structure Data

We take the benchmark data set of Wadham College (5 images of 1024 × 768) for
testing. The experimental result is shown in Fig. 5. Fig. 5(a) is one of original
images and Fig. 5(b) is the ﬂood ﬁll result of 2D line segments. The white lines are
results from LSD and red points are the re-projection of spatial points which can
be viewed in this image. Each line contains at least one point. The line segment
corresponds to a 3D line segment under the condition of containing at least two
points. The result of 3D line segment detection is shown in Fig. 5(c) where the
contour of the building can be seen clearly although some 2D line segments in
Fig. 5(b) may not correspond to any 3D lines. The number of ﬁnal 3D lines is
564 and the total running time is 0.03s. Fig. 5(d) is the sketch rendering view
drawn with both spatial points and 3D line segments.
5.2

Complex Building with Occlusions

Eﬀect of plane clustering for false matching removal is veriﬁed on two sets of
images when occlusion occurs, as shown in Fig. 6. The ﬁrst row is the benchmark
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Fig. 5. The result of simple planar building

of Hall (31 images of 3008 × 2000), and the second row is Korea Town (40
images of 2240 × 1488) taken by ourselves. Both of them have occlusions or large
disparities. The ﬁrst column of Fig. 6 shows one sample of original images, and
the second one shows the result of 3D line segment detection without coplanar
constraint. The re-projection ambiguity causes a number of false matching and
produces some wrong lines, e.g., non-coplanar lines near the windows of the Hall
model, and the bottom of the Korea Town model. The third column shows the
ﬁnal result with coplanar constraint, from which we can ﬁnd most false lines
have been removed and the contours of the buildings are clear.
We provide a non-photorealistic rendering mode where point coloring is used
to give an impression of scene appearance and detailed geometry is drew by 3D
line segments. Final result of the Hall model on 61 images are shown in Fig. 7.
The upper row shows the sketch rendering model from 3 diﬀerent sides. The
lower part depicts the partial enlarged details of the building.
5.3

More Challenging Data

The following experiment is done to test the models with curves. As the curved
surface has been ﬁt by a lot of small planes in the clustering process, the coplanar
constraints are weakened there. Long lines on the surface have been cut into a lot
of short ones. Once the short line segment is found coplanar, the corresponding
3D line segment is created.

Fig. 6. The result of buildings with occlusions
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Fig. 7. The enlarge details of result of Hall with occlusions

Fig. 8. The result of buildings with curves and complex surfaces

Fig. 8 shows the result of buildings with curves and complex surfaces. The
ﬁrst row is the Press Building (100 images of 2128 × 1416). The right side of the
building is composed of a large curve while the left side is planar structure. The
contour of the building is clear although the long line is cut. The second row is
the Bell Tower which contains 137 images with the same resolution. The main
structural information is detected and little false lines exist in the model. Such
a sketch eﬀect is good enough to be accepted.
5.4

Analysis

To detect 2D line segments for hundreds of images, we use fast 2D line segment
detector which costs less than 1 second when processing an image of 512×512 [7].
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Table 1. Details of line segment detection and computational cost (s)
Data set
Wadham College
Hall
Korea Town
Bell Tower
Press Building

Ni

Np

Nl

Tm

Tl

Ttotal

5
31
40
137
100

6,409
212,272
59,297
119,536
196,607

564
6,094
7,129
9,672
23,844

0.03
1.16
1.47
3.02
3.42

0.00
0.02
0.03
0.03
0.06

0.03
1.18
1.50
3.05
3.48

Compared to traditional algorithms, our algorithm reduces the time complexity
from O(M N ) to O(N K), where N is the number of images, K is the number of
3D points and M is the approximate number of lines in each image.
According to [4, 15], geometric constraint is introduced to restrict searching
area within the epipolar beams which reduces number of lines M in each image,
e.g., search space of lines in one image decrease by 5.55 [3]. While matching
lines between images, a set of other images, e.g., 32 closest cameras, is used to
compute. This set contains images whose cameras are close to each other which
reduces the number of images N . Similarly, we only consider points which can be
viewed in more than 4 images. Once a match is found, points re-projected onto
the matched lines are eliminated. Instead of calculating the intensity coherence
in previous methods, we re-project spacial point onto 2D plane and ﬁnd matched
line segments corresponding to the same 3D point. This is ﬁnished by a labeling
process which comes to be easy and highly eﬃcient.
Table 1 shows details of experimental results. Ni , Np , and Nl are the amount
numbers of input images, 3D point clouds and output 3D line segments, respectively. Tm , Tl and Ttotal are the costs (s) of matching for 2D line segments, 3D
line segment generation and total running time, respectively. One can see from
Algorithm 2 that 3D line segment generation is implemented in a double loop.
All the costs of 3D line segment generation are close to 0, and 2D line matching
over 100 images costs less than 4 seconds.

6

Conclusion

2D line segment matching cross multi-views is very time-consuming due to the
combinatorial expansion of matching. In this paper we propose a re-projection
based 2D line matching and 3D line detection algorithm using weak matching
model between 2D lines and 3D points. The algorithm ﬁrstly re-projects 3D spatial point clouds to each camera plane to ﬁnd the best re-projection line, and
then reasons a 3D line segment by back-projection. In addition, a plane clustering algorithm is employed to remove matching errors caused by re-projection
ambiguity. Experimental results have demonstrated the eﬃciency and eﬀectiveness of our algorithm for 3D line detection. Our algorithm can obtain satisfactory
results for planar models and performs robustly to curve and occlusion models.
In future work, we plan to apply our method to the image-based modeling and
rendering system with large-scale scene.
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