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In the paper we propose a novel line segment matching method over multiple views based on sparse
representation with geometric conﬁguration constraint. The signiﬁcant idea of the paper is that we
transfer the issue of line correspondence into a sparsity based line recognition. At ﬁrst, line segments are
detected by a LSD (line segment detector) and clustered according to spatial proximity to form completed
lines. For each point within a line, SIFT is extracted to represent the attribute of point and PHOG is also
considered to describe the appearance of the patch centered at the point. SIFT and PHOG are simply
concatenated as a single feature vector and then all these point features are put together by a max
pooling function to form a distinctive line signature. Then, all line features extracted from training
images are trained into a dictionary using sparse coding. Lines with the same similarity may fall together
in the high-dimensional feature space. Finally, line segments in a test view are matched to their
counterparts in other views by seeking maximal pulses from the coefﬁcient vector. Under our framework,
line segments are trained once and matched across all other views. Experimental results have validated
the effectiveness of the approach for planar structured scenes under various transformations and
degradation, such as viewpoint change, illumination, blur and compression corruption.
& 2014 Elsevier B.V. All rights reserved.
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1. Introduction
Meta-pattern (point, line, contour, region, etc.) matching over
multiple views is one of the most fundamental tasks in computer
vision, which beneﬁts in various applications, such as 3D structure
reconstruction, object recognition, landmark alignment and
image registration. Although a great number of approaches
have been proposed for point correspondence, only a few methods
of automatic line segment matching are reported in the literature
so far. Due to the limitations of middle level feature representation
of line segment, effective similarity cross lines and optimization
methods, line correspondence is still a challenge issue till
now.
Existing approaches to line matching can roughly be divided
into two categories: local appearance based approaches and
topological layout based methods. As the ﬁrst appearance based
type, Schmid and Zisserman [1] proposed to use graylevel information for matching individual line segments between images.
Wang et al. [2] proposed a new descriptor named MSLD (MeanStandard deviation Line Descriptor) for line matching. A pixel
support region is deﬁned for each pixel within a line, and a
histogram of image gradient is accumulated in the support region.
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The ﬁnal descriptor is constituted of the mean and standard
deviation of these histograms. Appearance based line feature is
less distinctive than local feature descriptors since line segments
lack rich textures in their local neighborhood. Moreover, this
method may fail when encountering the repeated textures, such
as an urban scene with buildings and facades. On the other hand,
topological layout based approaches are twofold: disambiguation
derived from more geometric information, and the increased
complexity. Lourakis et al. [3] proposed to use two points and
two lines to estimate a projective invariant for matching planar
surfaces with points and lines. However, this method is rather
complicated and can hardly be handled in non-planar scenes.
Wang et al. [4] proposed a line signature to match lines. The angles
and length ratios between lines computed by the endpoints of
lines are used to describe a pair of line segments, and then line
matching is completed on the basis of pairs of line segments. Since
the descriptor of a pair of line segment relies on the endpoints of
line segments, this method may fail when the location of endpoint
is not accurate enough. Fan et al. [5] explored an afﬁne invariant
from two points and one line, and utilized them to match lines
even with different endpoints. But it relies on points matching
seriously and fails when point matching goes down. Bay et al. [6]
proposed a hybrid method to match lines based on the appearance
and topological layout. Since the matching propagation is an
iterative process, its computational cost is extremely huge and
unacceptable in real world applications.
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Epipolar geometry constraints are introduced to reduce the
disambiguation and computational cost 1,7,8. Hartley [9] proposed
to use the trifocal tensor to match lines across views. Plane sweep
methods [10] are also employed to reduce combinatorial expansion, but these methods do not perform well when the endpoints
of 2D line segments are not consistent in different images of the
same scene. Another way to increase the matching efﬁciency is to
use color histogram based on feature descriptors for 2D line
segments [6], but this method assumes that colors only undergo
slight changes (Lambert surface) and the image does not contain
any specular highlights. Recently, Chen and Wang [11] proposed a
weak matching model for 2D line segment based on the reconstructed 3D point clouds. The computational time is reduced at a
great scale but it needs 3D points from SfM (shape from motion).
Eden and Cooper [12] proposed to obtain the line correspondence
within a 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. This method could reduce
the searching scope of line matching in a one-off process, but the
total computational complexity is not changed at all.
We propose a novel method combined distinctive line segment
representation with geometric conﬁguration constraints as [6].
Here, we use an efﬁcient sparse representation of line segment
feature after pooling the concatenation vector of the SIFT [15] and
PHOG [17] descriptors within the line. Sparse signal representation
has been proven to be an extremely powerful tool for acquiring
and representing signals, which is widely used in computer vision
and pattern recognition. This success is mainly due to the fact that
important classes of signals such as audio and images have
naturally sparse representations with respect to ﬁxed bases (i.e.,
Fourier, Wavelet), or concatenations of such bases. Moreover,
efﬁcient and provably effective algorithms based on convex
optimization or greedy pursuits are available for computing such
representations with high ﬁdelity [13]. In line segment matching,
we have to learn a task-speciﬁc (often under-complete) dictionary
from given sample lines. So we need to extend the existing theory
and algorithms of sparse representation to this new scenario. Our
algorithm is based on the assumption that if the matched lines
correspond to the same line in a 3D space, they may fall into a
same distribution in the high-dimensional feature space. After line
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segment collection of representative samples is found for this
distribution, we expect a typical sample that has a very sparse
representation with respect to such (possibly learned) bases. Such
a sparse representation, if computed correctly, could naturally
encode the semantic information of the line segments over views.
Extensive experiments have demonstrated that the proposed
method can match lines with high accuracy under various conditions, such as scaling, rotation, illumination changes as well as
some extent of viewpoint changes. The contributions of our
approach are as follows:

 Line segment is normalized with the max pooling function to
form a distinctive descriptor.

 All lines from training images are put together and trained as a



dictionary. Lines in the test image are matched with those in
the training images by the pulse function of sparse coefﬁcient
vector.
Geometric conﬁguration constraints are used to remove the
false matching.

The remainder of the paper is organized as follows. The overview of our approach is introduced in Section 2. The line segment
detection and grouping are discussed in Section 3. The process of
feature extraction and representation and line matching over
multiple views by sparse coding are presented in Section 4. We
further pose geometric conﬁguration constraints to eliminate
some false matched lines in Section 5. Experimental results of
line matching of multi-view images are reported and evaluated in
Section 6. Finally, the concluding remarks are drawn in Section 7.

2. Overview of our approach
On the survey of the state-of-art methods and analysis of
shortcomings of line matching algorithms, we propose a novel
approach based on sparse coding for automatic line matching over
multi-view images. Fig. 1 depicts an overview of the proposed
approach. The left of Fig. 1 is the input of a photo collection of a
benchmark data set (Hall), and the right is the output of line
segment matching across three views. In the middle of Fig. 1, the

Fig. 1. Overview of the proposed multi-view line matching approach.
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process ﬂow shows the detailed steps of the framework. From the
top to the bottom, a fast LSD [14] is ﬁrst employed to extract 2D
line segments in each image. Then a line segment grouping is
carried out to assemble short lines into longer one. The distinctive
line feature is derived by the max pooling function from local
invariant descriptors, including SIFT [15] and PHOG [17], and
trained to form a dictionary. Lines in one image are matched to
their potential counterparts in other images with pulses of sparse
coefﬁcient vector. Finally, false line matchings (outliers) are
eliminated by a geometric conﬁguration constraint. The highlighted steps of Fig. 1 are main contributions of this paper.
In the following sections, we will address four key issues,
which include line segment grouping, feature extraction and
sparse coding, line segment matching across views, and false
matches removal.

3. Line segment grouping
Line segment matching over multi-view images is known as a
difﬁcult issue due to challenging inputs and exponential complexity. As a result of imperfections in edge detection and line ﬁtting, a
2D line is often fragmented into small segments that diverge from
the original one. When unreliable endpoints and topological
relationships are given as inputs, exponential complexity search
algorithms may fail to produce exact matching results. To solve
this issue, we initially extract the contour lines in each image and
then carry out a clustering/grouping process to reduce the number
of line segments and improve the quality of lines.
3.1. Line segment detection
In recent work, LSD [14] is widely used since it a linear-time
complicated line segment detector without parameter tuning and
can produce accurate results. As a fast 2D line segment detector
which outperforms other detectors, it allows a fast calculation for a
large-scale scene and is also applied for 2D line segment detection
in this paper. By using LSD, straight lines are detected precisely
and curve edges are divided into broken segments. In the cases of
changes of illumination, scale and viewpoint, a segment in one
image may be broken into several fragments in other images,
which makes the line matching process more difﬁcult. In order to
improve the quality of line segment, Wang et al. [4] proposed to
merge two segments if their gap is smaller than their lengths and
line ﬁtting error is smaller than a threshold inversely related to the
gap. Similarly, different thresholds are applied and all possible
grouping results are kept concurrently. In this paper, we propose a
more comprehensive algorithm to deal with the line grouping
issue, which contains three typical cases of combination process.
In addition, a gradient feature is used to constrain connecting
operation when two potential segments are merged.
3.2. Line segment grouping
A signiﬁcant difﬁculty of feature-based stereo is the same
feature cannot always similarly appear in the reference and target
images. For line matching, a line in the reference image can be
appeared as disconnected or not existent in the target image. If a
line is appeared as disconnected and partially existent, we can
improve the 2D line segment detection result by a merging or
linking process.
The line merging process is taken into account to consolidate
close parallel segments since they usually represent the same
linear structure of the object in an image, such as the border of a
roof or the boundary between the ground terrain and the building.
Fig. 2(a) describes the typical case of merging process. For

example, l1 is the central line of merging space (red one) and l2,
l3 (blue ones) are lines which will be merged. These segments are
either overlapping lines or nearly parallel lines. So the merging
condition is that these line segments must be close and should be
inside a folding space created by one of them. After a new line is
created, all line segments which lie inside the merging space shall
be removed. In the paper, the merging space is deﬁned as


JlJ
T
Sl 9 XjX A R2 where l  X or and LT  X o
ð1Þ
2
where X is a 2D point, l is a 2D line, L is a perpendicular bisector of
l, and r is a distance threshold. Eq. (1) deﬁnes a cylinder of l. If one
line segment is totally inside the merging space of another line,
two line segments can be replaced by a single line whose
orientation and length are the longer ones. After this process,
each group of the closely overlapping and parallel line segments is
represented by a single line.
To those partially appeared lines in the image, linking process is
carried out to create a new completed line. The condition follows
as (1) angle between two lines lies between 01 and 101; (2) one
line is partially inside the merging space of another line; (3) if two
lines isolate but still parallel and the gap between them is small
than a threshold. As shown in Fig. 2(b), l2 and l3 are partially inside
the merging space of l1, so a new line is created to replace them.
The orientation of the new line is the longer one's orientation and
the length is the merged length of three segments.
In the case of isolating process, we ﬁrst check the gap between
the isolated lines, as shown in Fig. 2(c). If the gap of the isolated
lines d1 is smaller than a threshold, these two segments should be
linked, seeing the red line l1 and blue line l2. Otherwise, they are
kept as isolated, such as the green line l3. In addition, when
dealing with isolated lines, we use another attribute ðg 1 =g avg ; g 2 =
g avg Þ to describe the appearance, where g1 and g2 are gradient
magnitudes of two linking points, and gavg is the average gradient
magnitude of line segment between two linking points. It is robust
to illumination changes and helps us to further improve the
distinctiveness.

4. Line segment matching by sparse coding
After we extract the contour line in images and group them as
many as possible, there are still many lines with different lengths.
Here comes the problem of how to indicate each line with a
uniquely normalized feature. The popular recognition (and graph
matching) systems are based on the assumption of one-to-one
feature correspondence. This assumption breaks down in the
generic object matching task where, for example, a collection of
features at one scale (in one image) may correspond to a single
feature at a coarser scale (in the second image). Generic line
segment matching therefore requires the ability to match features
many-to-many. In order to solve this issue, we ﬁrst normalize each
line segment with different lengths by max pooling and then
obtain tentative line correspondence by sparse coefﬁcient vector
linearly decomposed by learned dictionary from some samples
based on sparse coding.
4.1. Feature extraction and representation
The primary step of line correspondence is feature representation of line segment. In this paper, we consider the point based
local feature as well as a gradient-like appearance model. At ﬁrst
we extract 128 dimensional SIFT [15] descriptor of each point
within the line since it has good performance in dealing with
transformation. Then, considering the appearance characteristics
of small region along the line (it is more signiﬁcant in the
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Fig. 2. Three different cases of line segment grouping: (a) line merging, (b) line linking and (c) line isolating. (For interpretation of the references to color in this ﬁgure
caption, the reader is referred to the web version of this paper.)

boundary of depth-discontinuity area), we also extract 84 dimensional PHOG feature (i.e.2 levels in the paper) [16,17] from 32  32
patch whose center is in the line. For any line segment represented
by the concatenated SIFT–PHOG descriptor, we can compute a
single feature vector based on some statistics of the descriptors'
codes.
Without loss of generality, let U be an N  M matrix consisted
of the descriptors of a line, where N is the dimension of the
descriptor vector and M is the number of descriptors. We can
obtain the line feature by a pre-chosen pooling function z ¼ FðUÞ,
where the pooling function F is deﬁned on each column of U.
Different pooling functions construct different image statistics. For
example, a popular choice is to compute z ¼ ð1=MÞ∑M
m ¼ 1 um , so the
underlying pooling function is deﬁned as the averaging function,
yielding the histogram feature.
In this paper, we use a max pooling function F as in the
absolute sparse codes
zj ¼ maxfju1j j; ju2j j; …; juMj jg

ð2Þ

where zj is the j-th item of the normalized feature z, uij is the
matrix element at i-th row and j-th column of U. This max pooling
procedure is well established by biophysical evidence in the visual
cortex [18] and is empirically justiﬁed by many algorithms applied
to image categorization. In some cases, max pooling outperforms
other alternative pooling methods [19]. After the max pooling
procedure, each line segment with different lengths is normalized
into a 212 dimensional vector.

4.2. Line segment matching over views by sparse coding
Automatic line segment matching over multiple views remains
one of the most challenging and time consuming applications of
computer vision. Foundational results in the theory of sparse
representation have recently inspired signiﬁcant progress on this
difﬁcult problem. The key idea is a judicious choice of dictionary,
representing the test signal as a sparse linear combination of the
training signals themselves, and coefﬁcient vector, representing
the most likely line segments which correspond to the same line
in other images. Here, test images and training images are
different ones.
Our approach of line segment matching is based on line
segment extraction of each image which is taken under various
transformations, i.e. viewpoint varying, translation, rotation, data
corruption, and illumination. Suppose that we have Ni line
segments in images. We stack these Ni training samples from the
i-th class as columns of a matrix Di ¼ ½di;1 ; di;2 ; …; di;Ni  A RmNi ,
each of which is normalized as a unit l2 norm. One classical
observation from computer vision is that segments of the same 3D
line under varying transformations lie near a special low-dimensional subspace [20] which is called the line segment subspace. As
a result, given a sufﬁciently expressive training line set Di , a new
line segment of subject i taken under different viewpoints and also
stacked as a vector x A Rm can be represented as a linear combination of the given training lines, i.e., x  Di αi for some coefﬁcient
vector αi A RNi .

The problem becomes more interesting and more challenging if
the identity of the test line is initially unknown. We deﬁne a new
matrix D for the entire training set as the concatenation of the
N ¼ ∑ci ¼ 1 N i training samples of all c line classes
D ¼ ½D1 ; D2 ; …; Dc 
¼ ½d1;1 ; …; d1;N1 ; d2;1 ; …; d2;N2 ; …; dc;1 ; …; dc;Nc 

ð3Þ

Then the linear representation of x can be rewritten as
x ¼ Dα0 A Rm

ð4Þ

α0 ¼ ½0; …; 0; αTi ; 0; …; 0

is a coefﬁcient vector whose entries
where
are all zero except for those associated with the i-th class. The
special support pattern of this coefﬁcient vector is highly informative for recognition: ideally, it precisely identiﬁes the subject
line segment with the same structure in all images. However, in
practical scenarios of line matching, the search for such an
informative coefﬁcient vector is often complicated by the presence
of partial corruption or occlusion: a line in one image may be
detected partially or scatteredly in other images. In this case, the
above linear model (4) should be modiﬁed as
x ¼ x0 þ e0 ¼ Dα0 þ e0

ð5Þ

m

where e0 A R is a vector of residual errors. Thus, line matching in
the presence of varying complex condition and occlusion can be
treated as the search for a certain sparse coefﬁcient vector α0 , in
the presence of a certain sparse error e0 . Since the number of
unknowns in (5) exceeds the number of observations, we cannot
solve α0 directly. However, the desired solution ðαn ; en Þ is not only
sparse but also the sparsest one under mild conditions [21]
argmin J α J ℓ0 þ J e J ℓ0
s:t: x ¼ Dα þ e

ð6Þ

here the ℓ0 “norm” J  J ℓ0 counts the number of nonzeros in a
vector. Originally inspired by theoretical results on equivalence
between ℓ0 and ℓ1 minimizations, this informative vector α0 is
found by solving the convex relaxation [22]
minimize J α J ℓ1 þ J e J ℓ1
s:t: x ¼ Dα þ e

ð7Þ

where J α J ℓ1 ¼ ∑i jαi j.
Experimental results show a striking empirical result: the
ℓ1-minimizer, visualized in Fig. 3, has a strong tendency to
correlate one line in the test image with other lines in the training
images (highlighted in red coefﬁcients) correctly in spite of the
error due to the line corruption or partial occlusion. The algorithm
trains four different images with 300 lines in each of them
(ideally), totally 1200 vectors forming a dictionary. Then we use
a test image to ﬁnd the tentatively matched line segments from
those four training images. As shown in Fig. 3, the top two pulses
(red ones) correspond to the most tentatively and secondary
matched candidates of lines from four training images. If we want
to ﬁnd all line correspondences between the test view and a
speciﬁc view (training image) only, we can attach a view-label to
each training line sample in the phase of dictionary learning and
keep the most-alike line in the speciﬁc view (by its view-label) in
the stage of recognition.
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Fig. 3. The illustration of sparse coding based multi-view line matching approach. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to
the web version of this paper.)

5. False matching removal
In practice, the pulses in the coefﬁcient vector may be false in
matching since the lines with different lengths are normalized into
a 212-dimensional vector. When a long line is matched with a
short one, the wrong matching will become more frequent. In
order to deal with long-short line matching issue, Wang et al. [4]
proposed to use a geometric conﬁguration to improve the distinctiveness. Spatial proximity can improve the repeatability since the
geometric conﬁguration of the nearby segments usually undergoes
moderate variations over a large range of viewpoint changes.
Nevertheless, it is important in handling the instability of segment
extraction. Weak segments in one image often disappear in
another image. However, if the line segments matched before
are correct and determined, the next line segment can be matched
correctly through geometric conﬁguration with these existed lines.
In the same manner, the improved line segment which is the
longest one has the most saliency to be matched correctly. Based
on these assumptions, all line segments in the test image are
sorted from long to short. The longest line segment is chosen to be
matched ﬁrst, and the k longest lines are put into a well-veriﬁed
matched line set. A new tentative match is judged to be correct if it
obeys the same conﬁguration with existed line segments.
In the literature [6,2,4], relationships between two segments
have been discussed with terms such as left of, right of, and
connected. It is also described by an angle and length ratio
between segments, and a vector connecting their middle points
[23]. Wang et al. [4] proposed to describe the line relationship
with 13 attributes. Since lines in different views may be detected
partially or the endpoints of line are not matched correctly, all
these methods are not very distinctive and may fail, especially
when a short line in one view corresponds to a long line in
another view.
In order to solve this issue, we use the angles between the
current-in-processing line and some existing well-veriﬁed
matched lines for afﬁne invariant transformation. Suppose that
0
0
we have two pairs of matched line pairs ðl1 ; l1 Þ and ðl2 ; l2 Þ. θ is the
0
0
angle between l1 and l2, and θ0 is the angle between l1 and l2 in the
0
second view. In a general case, θ=θ will be close to 1 if these two
lines are matched correctly, as shown in Fig. 4(a). But this
constraint fails when the case of parallel line appears. As shown
in Fig. 4(b), the angle between l1 (red line) and l2 (green line) is
0
0
close to 0, the same as l1 and l2 in the second view. So we need a
much stronger constraint to handle this ambiguity.
0
Considering a pair of lines l and l being related by an afﬁne
0
transformation H between two views, i.e. l ¼ H  T l. Two pairs of
0
point correspondences ðX 1 ; X 1 Þ and ðX 2 ; X 02 Þ (in homogeneous

coordinate system) are also related by H, i.e. X 01 ¼ HX 1 and
X 02 ¼ HX 2 . Fan et al. [5] have proved that the ratio of distances
from point to the line is afﬁne invariant. That is, DðX 1 ; X 2 ; lÞ is an
afﬁne invariant
DðX 1 ; X 2 ; lÞ ¼

T

l X1
T

l X2

ð8Þ

Therefore, DðX 1 ; X 2 ; lÞ can be used for false matching removal.
We call ðX 2 ; X 02 Þ basis points and ðX 1 ; X 01 Þ reference points, which
are midpoints of four line segments respectively. The signed
length ratios are afﬁne invariant, so they are good choices to
describe the two-line-segment conﬁguration, as shown in Fig. 4
(b). We can judge whether the transformation is afﬁne with a
0
threshold on the changes of DðX 1 ; X 2 ; lÞ and DðX 01 ; X 02 ; l Þ.
As a result, the feature vector to describe a two-line-segment
conﬁguration contains four attributes totally, i.e., v ¼ fDðX 1 ; X 2 ; lÞ;
0
DðX 01 ; X 02 ; l Þ; θ; θ0 g.
Note that there is no conﬂict with the degree of freedom. The
attributes describing the geometric conﬁguration are obtained
from 8 coordinates of 4 endpoints of lines.

6. Experimental results
We have presented a novel line segment matching model based
on sparse coding. With minimal supervision, our algorithm is
capable of learning dictionary of training lines and matching lines
from test view correctly. In this section we conducted two
experiments to demonstrate the effectiveness of our proposed
method. First, we show the performance of line grouping. Then we
evaluate the proposed method on extensive images under various
transformations. Fig. 5 shows the sample image from 4 image
sets,1,2 which are also used in the literature [2,5]. These images are
under a variety of transformations, including viewpoint change,
illumination, blur and compression corruption.
6.1. Line extraction and grouping results
In this subsection, we ﬁrst verify the effectiveness of line
detection and grouping. We show four samples of the completed
lines from Wadham College by our grouping algorithm in Fig. 6,
from which we can ﬁnd that the completed lines are good enough
for further processing.
1
2

URL: http://www.robots.ox.ac.uk/  vgg/data/data-mview.html.
URL: http://www.robots.ox.ac.uk/  vgg/data/data-aff.html.
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Fig. 4. Illustration of geometric conﬁguration constraints: (a) angle constraint and (b) length ratio constraint. (For interpretation of the references to color in this ﬁgure
caption, the reader is referred to the web version of this paper.)

Fig. 5. Sample image of 4 sets used in our experiments.

Fig. 6. Line detection results and completed lines by grouping method.

6.2. Line matching effectiveness and efﬁciency
In this subsection, extensive experiments are conducted to
validate the proposed method on line segment matching under
various transformations. The matching results are shown in
Figs. 7–10 (it is better viewed in color). The matched lines are
shown in red color with their labels at middle points. Due to the
difference of line segment in different images, the ground truths of
line correspondence are assessed by hand.

6.2.1. Viewpoint change
In this experiment, we have used a Wadham College image set
to verify the validity of the proposed method. The set contains
5 images (1024  768) from different viewpoints. Fig. 7 shows ﬁve
groups of line correspondence results with cross validation. In the
ﬁrst group, we trained sparse dictionary from image 001 to 004
and then we take image 000 as test one (shown in Fig. 7(a)). It is
the same conﬁguration for the rest four groups. The number of
matched lines and correct matching ratio is concluded in Table 1.
The best result (58, 89.66%) is from 000 vs 004 on the spares
dictionary learning from image 001 to 004 and the worst one (28,
64.29%) is from 004 vs 002. The average correct matching ratios of
ﬁrst four groups are greater than 80%, but the last group is just

74.47%. Since there exists a big change of viewpoint from image
004 to other four images, the correct matching ratio decreases a
few and the number of detected matches is small comparing to
other four groups. However, from Fig. 7, we can see that our
method can handle the problem of incorrect locations of endpoint
successfully. It demonstrates that our method is effective to viewpoint change.
6.2.2. Illumination
The proposed method is also tested on 6 images (921  614) of
Leuven under illumination change, as depicted in Fig. 8. The upper
part of Table 2 shows the number of matched lines and correct
matching ratio of two typical groups of experiments. From the
results, we can ﬁnd that the proposed feature representation of
line segment by sparse coding is robust to illumination change,
especially between the brightest and darkest ones. In particular,
the ℓ1 minimization and feature representation are two keys to
deal with this issue.
6.2.3. Blur
In this experiment, we evaluate our algorithm on 6 images of
Bikes (1000  700) with different blur factors. Fig. 9 illustrates the
results of line correspondence from test image 000 to training set
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(001–005) and from test image 005 to training set (000–004). The
details of matching results are also listed in the middle of Table 2.
Experimental results not only verify the effectiveness of line
signature by max pooling, but also prove the validity of sparse
coding based recognition for line segments over multiple views.
6.2.4. Compression corruption
To verify the ability of our method for image quality, we used
6 images of UBC set (JPEG compression) 800  640. Fig. 10 shows
the matching results of two most difﬁcult groups. The left is to use
image 000 with the highest quality to match other corrupted
images and the right is to take image 005 with the worst quality as
test one. These images are difﬁcult for feature based correspondence. However, sparse coding is proved to be efﬁcient in extracting feature from such images. As shown in Fig. 10, with sparse
coding process, our method can handle this problem successfully
and achieve a relatively high precision comparing to other methods. The details of correct matching ratios are listed in the lower
part of Table 2.
From the above experiments, it is clear that the proposed
method is robust to many kinds of image changes, including
viewpoint change, illumination, blur and corruption. For all tested
image pairs, the proposed method can achieve a relative high
matching accuracy. Such a good performance of our method
should be attributed to line feature sparse coding and geometric
conﬁguration constraint. After sparse coding, line features are
transformed into the high-dimensional space for clustering and
false matchings are removed successfully. However, since our
method is based on sparse coding, there is still a false matching
problem to be solved.
6.3. Comparison with state-of-the-art methods

Fig. 7. Line correspondence results of Wadham College set with different viewpoints.
(a) Training images: 001, 002, 003, 004. Test image: 000. (b) Training images: 000, 002,
003, 004. Test image: 001. (c) Training images: 000, 001, 003, 004. Test image: 002.
(d) Training images: 000, 001, 002, 004. Test image: 003. (e) Training images: 000, 001,
002, 003. Test image: 004. (For interpretation of the references to color in this ﬁgure
caption, the reader is referred to the web version of this paper.)

We also conducted experiments to compare our method with
two state-of-the-art line matching methods, including the LS (Line
Signature) algorithm [4] and the LMLPM method (Line Matching
Leveraged by Point Matching) [5]. Finally, in our framework, we
re-combine line segments with grouping process in order to
reduce fragmentary segment and improve matching performance.
The implementations of them can be downloaded from URLs.3,4
Both of them have their own methods for line segment extraction
as described in [4,5] respectively. Since matching results may vary
with different extraction methods of line segment even for the
same tested images, we compare our method to them with the
line segments extracted by their methods. Table 3 lists the number
of matched lines and percentage of correct ones, from which we
can see that our approach performs as well as LS and LMLPM since
we have also utilized geometric conﬁguration constraints. One
disadvantage of our approach is that the number of well-matched
lines is less than baseline algorithms. The output of our method
can be improved by some stronger constraints, such as homography or epipolar geometry. In the future, we can estimate the
homography or epipolar geometry from the well matched line to
further verify the matching results.
In terms of matching time, our method is relatively efﬁcient.
The details of ours computational time and comparisons with
baseline algorithms are listed in Table 4. The most time-consuming process of our method is the training of sparse dictionary,
but the dictionary can be used for line matching for many times. In
the matching phase, the time cost is acceptable. As a result, our
method is more efﬁcient than the LMLPM method. Since the
executable code of LS [4] has the limitation (out of memory error)
3
4

URL: http://nlpr-web.ia.ac.cn/english/rv/Students/bfan/lm.htm.
URL: http://graphics.usc.edu/luwang/research.html.
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Table 1
Line matching results of 5 group experiments of Wadham College set (# matched lines, correct ratio %).
Training images

Testing

Average

001 002 003 004

000 vs 001
(111, 81.98)

000 vs 002
(99, 81.82)

000 vs 003
(117, 82.05)

000 vs 004
(58, 89.66)

(96, 83.88)

000 002 003 004

001 vs 000
(113, 79.65)

001 vs 002
(117, 77.78)

001 vs 003
(98, 87.76)

001 vs 004
(69, 78.26)

(99, 80.25)

000 001 003 004

002 vs 000
(91, 85.71)

002 vs 001
(97, 84.54)

002 vs 003
(87, 83.91)

002 vs 004
(53, 83.02)

(82, 84.29)

000 001 002 004

003 vs 000
(114, 78.07)

003 vs 001
(88, 84.09)

003 vs 002
(93, 80.65)

003 vs 004
(100, 82.00)

(99, 81.20)

000 001 002 003

004 vs 000
(79, 82.28)

004 vs 001
(65, 72.31)

004 vs 002
(28, 64.29)

004 vs 003
(81, 79.01)

(63, 74.47)

Average totally

–

–

–

–

(88, 81.46)

Fig. 8. Line correspondence results of Leuven set with different illuminations. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the
web version of this paper.)

and it can only process small-size images, we have to scale the
image to 800  600. So we only list the computational cost of LS
method in Table 4 for reference but it cannot be evaluated with
our method and LMLPM directly.

7. Conclusion
In this paper, we have proposed a novel method for line
matching over multiple views based on sparse coding with
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Table 2
Line matching results of other three sets (# matched lines, correct ratio %).
Training

Testing

Image set: Leuven (illumination change)
001–005
000 vs 001
(95, 89.47)

Average

000 vs 002
(131, 88.55)

000 vs 003
(128, 96.09)

000 vs 004
(139, 92.09)

000 vs 005
(127, 93.70)

(124, 91.98)

005 vs 000
(126, 94.44)

005 vs 001
(129, 95.35)

005 vs 002
(146, 93.15)

005 vs 003
(110, 94.55)

005 vs 004
(119, 88.50)

(124, 93.20)

Image set: Bikes (blur)
001–005
000 vs 001
(104, 75.96)

000 vs 002
(110, 83.64)

000 vs 003
(85, 83.53)

000 vs 004
(65, 87.69)

000 vs 005
(39, 94.87)

(81, 85.14)

005 vs 001
(76, 88.16)

005 vs 002
(87, 96.55)

005 vs 003
(101, 93.07)

005 vs 004
(34, 61.76)

(70, 84.31)

000 vs 002
(138, 94.93)

000 vs 003
(138, 94.20)

000 vs 004
(113, 91.15)

000 vs 005
(60, 96.37)

(110, 92.76)

005 vs 001
(60, 93.33)

005 vs 002
(71, 94.37)

005 vs 003
(65, 92.31)

005 vs 004
(46, 89.13)

(60, 92.47)

000–004

000–004

005 vs 000
(50, 82.00)

Image set: UBC (JPEG compression)
001–005
000 vs 001
(99, 86.87)
000–004

005 vs 000
(59, 93.22)

Fig. 9. Line correspondence results of Bikes set with a different blur. (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web
version of this paper.)
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Fig. 10. Line correspondence results of UBC set with different JPEG compression ratios. (For interpretation of the references to color in this ﬁgure caption, the reader is
referred to the web version of this paper.)

Table 3
Performance comparison of line matching with state-of-the-art methods (# matched lines, correct ratio %).
Variation and degradation

Image set

Image pair

Ours

LS [4]

LMLPM [5]

Viewpoint
Light
Blur
JPEG corruption

Waldam
Leuven
Bikes
UBC

(000
(000
(000
(000

(58, 89.66)
(128, 96.09)
(39, 94.87)
(138, 94.93)

(154, 89.0)
(245, 95.5)
(256, 94.9)
(154, 91.6)

(300, 91.0)
(294, 95.6)
(360, 96.4)
(31, 90.3)

vs
vs
vs
vs

004)
003)
005)
002)

geometric conﬁguration constraint. SIFT and PHOG descriptors are
extracted and concatenated for each point within the line segment
together. The line feature is computed by the max pooling function
where the line segment of different lengths is normalized. The
212-d line signatures from training images are stacked together to
unsupervisedly learn a dictionary. All line segments are trained as

a training set by sparse coding and line segments in one view are
tested to match the lines in other views correctly. Experimental
results on several image sets with a variety of transformations
have validated the effectiveness of the proposed method. In future
work, we will consider some much stronger constraints to
improve the accuracy of line correspondence.
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Table 4
Computational time (s) of our method and baseline methods.
Image set Ours

LS [4]

LMLPM [5]

Detect & Group Training Matching Total
Waldam
Leuven
Bikes
UBC

0.109
0.094
0.125
0.078

18.18
37.50
19.95
22.05

0.833
4.947
1.317
2.311

19.122
42.541
21.392
24.439

18.710 104.87
14.844 42.39
19.683 45.92
13.896 64.73
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