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Abstract. The problem of estimating vanishing points for visual scenes
under the Manhattan world assumption [1,2] has been addressed for more
than a decade. Surprisingly, the special characteristic of the Manhattan
world that lines should be orthogonal or parallel to each other is seldom
well utilized. In this paper, we present an algorithm that accurately and
efficiently estimates vanishing points and classifies lines by thoroughly
taking advantage of this simple fact in the Manhattan world with a calibrated camera. We first present a one-unknown-parameter representation
of the 3D line direction in the camera frame. Then derive a quadratic
which is employed to solve three orthogonal vanishing points formed by
a line triplet. Finally, we develop a RANSAC-based approach to fulfill
the task. The performance of proposed approach is demonstrated on the
York Urban Database[3] and compared to the state-of-the-art method.

1

Introduction

Estimating vanishing points in an image has many applications ranging from
autonomous navigation to single-view reconstruction [4]. For visual scenes of a
Manhattan world, the vanishing points of Manhattan directions are of special interest because they directly give the camera orientation relative to the canonical
3D Cartesian frame defined by the Manhattan world [3,5]. On the other hand,
lines in the image of a Manhattan world could be classified by the estimated
vanishing points accordingly as shown in Fig.1 which includes two indoor and
outdoor urban scenes.
In this work, we address the problem of estimating vanishing points and
classifying lines with an intrinsically calibrated camera in a Manhattan world
with the following contributions:
• The 3D line direction vector is parametrized by one-unknown-parameter
which is the depth ratio of two spatial line endpoints. This representation
automatically guarantees the constraint that the direction vector in the camera frame should be orthogonal to the normal of the plane defined by the
image of the line and the camera center.
• For a line triplet, a quadratic equation system about the line direction parameter is derived by using the feature of Manhattan world that lines should
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Fig. 1. Illustration of the Manhattan world. The first and third image shows
the extracted lines. The other two images show the classified lines which are
corresponding with the vanishing points of three Manhattan directions.

be orthogonal or parallel to each other. The solutions of the system are exactly the orthogonal vanishing points. Further, they are completely consistent with the previous theoretical analysis on multiplicity of solutions [5,6]
and explain these in detail.
• An efficient RANSAC-based line classifier is developed which benefits from
the observation that for at least one of the Manhattan directions, many of
its corresponding lines are typically close to parallel in the image as shown
in Fig.1.
• The estimated vanishing points and classified lines are refined by either an
iterative method or some non-iterative methods in a least-squares sense.
We validate the performance of the proposed algorithm on the York Urban
Database (YUD) [3] and compare to the state-of-the-art method [5]. The experiments demonstrate its superiority both in terms of accuracy and efficiency. It
works fine on the complete dataset and the average computational time of the
C++ implementation is less than half a millisecond per image.

2

Related work

Since Coughlan and Yuille [1] considered the problem of estimating the camera orientation in a Manhattan world which imposes regularities on the image
statistics, a large number of work has been reported to address this problem.
A Bayesian approach to group edges is proposed in the early work of Coughlan and Yuille [1]. They perform a one-dimensional exhaustive search over a single
camera angle based on a probabilistic classification of each edge. An improved
version with a course-to-fine search over 3D camera orientation is reported in
their latter work [2]. Schindler and Dellaert [7] replace the stochastic search
with a continuous optimization approach by using the expectation maximization
(EM) algorithm. The EM-based methods [7,8,9] assume that deviations of Manhattan edges and lines from the expected orientations are normally distributed
which is often a non-valid assumption. Denis et al [3] build a more accurate
statistical model from a training set by using edges rather than dense gradient
maps. These approaches suffer from two common drawbacks: first, they require
an initial estimate of the vanishing points and are sensitive to initialization. The
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typical initialization methods, such as the Hough transform or heuristic clustering, do not guarantee to produce a sufficiently accurate initialization. Second,
they are iterative in nature which makes them computationally too expensive.
The reported best time performance of EM-based methods in the comparison
experiments of [3] are about a few seconds per image.
RANSAC-based algorithms have been proposed which consider intersections
of line segments as hypotheses for vanishing points and prune improbable hypotheses using heuristic criteria [10,9]. Tardif [4] presents a non-iterative solution for simultaneously estimating the vanishing points in an image given a set
of sparse edges based on J-Linkage which is similar to RANSAC. Foerstner [11]
uses RANSAC hypotheses to initialize an iterative maximum-likelihood estimator of the vanishing points. These methods do not enforce orthogonality of the
vanishing points when generating the hypotheses. Rother [12] enforces the orthogonality of the vanishing points, however, its computational complexity is
prohibitive and it requires a criteria to distinguish finite from infinite vanishing points. Cipolla et al [13] estimate the orthogonal vanishing points from the
user labeled parallel and perpendicular lines. Mirzaei and Roumeliotis [5] introduce a robust and efficient RANSAC-based line classifier that employs a globally
optimal estimator to generate hypotheses for all three orthogonal points from
triplets of line observations. Although this approach achieves highly remarkable
performance, the polynomial system solver employed by the optimal estimator
is sophisticated which results in 40 solutions with multiplicity.
Recently, Tretyak et al [14] present an optimization based parsing framework
to model the man-made scene as a composition of geometric primitives spanning
different layers from low level (edges) through mid-level (lines and vanishing
points) to high level (the zenith and the horizon). Due to the high dimension
of their objective function, the whole process of their algorithm takes tens of
seconds. Bazin et al [15] formulate the vanishing points estimation task as a
consensus set maximization problem over the rotation search space which is
divided into intervals. It takes a few seconds to find the best solution.
The existing approaches seldom utilize the characteristic of the Manhattan
world well. Most of them first builds the algorithm for lines in general configurations then apply the Manhattan world assumption. In order to address
this limitation, we build a quadratic about line direction parameter from a line
triplet and present a RANSAC-based algorithm to demonstrate how performance
gain could be achieved by employing this simple fact. The rest of the paper is
organized as follows. Sec.3 presents the method to estimate three orthogonal
vanishing points from a line triplet in a Manhattan world. The line classification
algorithm is introduced in Sec.4 followed by the experiment evaluation in Sec.5.
Finally, the conclusion is drawn in Sec.6.

3

Line triplet in a Manhattan World

For a line triplet in a Manhattan world, there are three possible configurations:
(i) they are orthogonal to each other; (ii) two lines are parallel, and the third
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Fig. 2. Illustration of the line projection.
line is orthogonal to them; (iii) all of them are parallel to each other. These
relationships between lines are invariant under Euclidean transformation. Notice
that, for the third configuration, since all three lines are parallel in space, only one
vanishing point in the Manhattan world can be determined while the other two
vanishing points have infinite solutions. This line configuration is degenerated,
so we consider the first two only in the following.
Without losing the generality, three lines are L1 , L2 and L3 with directions
V1 , V2 and V3 respectively. Their projections in the image plane are l1 , l2 and l3 .
For a calibrated camera, we normalize the image plane to unit focal length and
get the endpoints of three image lines pis (xis , yis , 1), pie (xie , yie , 1), i = 1, 2, 3 as
shown in Fig.2. For each line in space, it should lie on the plane passing through
its image line and the camera center. This plane is defined as the interpretation
plane of the spatial line. In this plane, we choose a line L0i passing through the
point pis that is parallel with Li . The line L0i will intersect with the ray Oc pie
at the point p0ie (λi xie , λi yie , λi ). Since Li k L0i , the direction of the spatial line
in the camera frame Vic can be parametrized as:


xis − λi xie
Vic = pis − p0ie =  yis − λi yie  , i = 1, 2, 3
(1)
1 − λi
where λi is the parameter whose geometrical meaning is the depth ratio of the
spatial endpoints because d(Pie )/d(Pis ) = d(p0ie )/d(pis ) = λi /1. Here, the depth
of a point d() is its projection on the optical axis, i.e its Z-coordinate. Now we
consider the first two configurations separately. For each configuration, we will
derive a quadratic to solve the line directions and the vanishing points.
Configuration 1: Three lines are orthogonal to each other: V1 ⊥V2 , V1 ⊥V3
and V2 ⊥V3 . In the camera frame we have
V1c · V2c = 0, V1c · V3c = 0, V2c · V3c = 0.

(2)

By substituting Eq.1 into Eq.2, we get three second order polynomials:
(x1s − λ1 x1e )(x2s − λ2 x2e ) + (y1s − λ1 y1e )(y2s − λ2 y2e ) + (1 − λ1 )(1 − λ2 ) = 0
(x1s − λ1 x1e )(x3s − λ3 x3e ) + (y1s − λ1 y1e )(y3s − λ3 y3e ) + (1 − λ1 )(1 − λ3 ) = 0
(x2s − λ2 x2e )(x3s − λ3 x3e ) + (y2s − λ2 y2e )(y3s − λ3 y3e ) + (1 − λ2 )(1 − λ3 ) = 0
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which are simplified as:
a0 + λ1 a1 + λ2 a2 + λ1 λ2 a3 = 0
b0 + λ1 b1 + λ3 b2 + λ1 λ3 b3 = 0
c0 + λ2 c1 + λ3 c2 + λ2 λ3 c3 = 0,

(3)

where aj , bj and cj , j = 0, · · · , 3 are directly computed from the endpoints in the
image. After the variable resultant and substitution of λ2 , λ3 , we get a quadratic
about λ1 as:
f (λ1 ) = w2 λ21 + w1 λ1 + w0 ,
(4)
where the coefficients w0 , w1 , w2 are easily derived from Eq.3 as:
w0 = a0 b0 c3 − a2 b0 c2 − a0 b2 c1 + a2 b2 c0
w1 = a1 b0 c3 − a3 b0 c2 + a0 b1 c3 − a2 b1 c2 − a0 b3 c1 + a2 b3 c0 − a1 b2 c1 + a3 b2 c0
w2 = a1 b1 c3 − a3 b1 c2 − a1 b3 c1 + a3 b3 c0
After solving λ1 , the remaining two parameters λ2 and λ3 are linearly computed from Eq.3.
For a calibrated camera, a vanishing point associated with a line is the direction of the line in the camera frame [5]. Since three lines are orthogonal to
each other, we get three orthogonal vanishing points from the line directions in
the Manhattan world as:
V P = [V¯1c , V¯2c , V¯3c ],
(5)
where V¯ic is the normalized vector of Vic .
Configuration 2: Two lines are parallel, and the third line is orthogonal to
them. For this configuration, there are three possible cases: V1 k V2 , V1 k V3 or
V2 k V3 . Without losing the generality, supposing that V1 k V2 , in the camera
frame V1c and V2c should be equal up to a scale which yields:
(x1s − λ1 x1e )(1 − λ2 ) = (x2s − λ2 x2e )(1 − λ1 )
(y1s − λ1 y1e )(1 − λ2 ) = (y2s − λ2 y2e )(1 − λ1 )
(x1s − λ1 x1e )(y2s − λ2 y2e ) = (x2s − λ2 x2e )(y1s − λ1 y1e )

(6)

By using the variable resultant, a similar quadratic about λ1 can be generated
from the first two rows of Eq.6:
f 0 (λ1 ) = w20 λ21 + w10 λ1 + w00 .

(7)

Notice that λ1 = 1 must be one root of Eq.7 because λ1 = λ2 = 1 is a solution
of the first two rows of Eq.6. However, in general λ1 = λ2 = 1 does not satisfy
the third row of Eq.6. So λ1 = 1 is a trivial root of Eq.7 and is discarded. If
it does satisfy the third row of Eq.6, then it is kept which defines a vanishing
point at infinity. Then λ2 can be computed from Eq.6 and λ3 can be computed
by the constraints V1c · V3c = 0. Since V1 is parallel to V2 , they correspond to
the same vanishing point in the Manhattan world. The second vanishing point
is V3c . The third vanishing point in the Manhattan world is determined by the
cross product of V1c and V3c under orthogonality constraint, i.e.
——

V P = [V¯1c , V¯3c , V1c × V3c ].

(8)
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The multiplicity of solutions

It’s worth to investigate the multiplicity of vanishing point solutions from a line
triplet. One exciting feature of our approach compared to others is that there is
no multiplicity of our solutions in general, i.e. each one of them is distinct and
geometrically meaningful. The details of the analysis are following.
For configuration one, it’s obvious that at most two real roots can be generated from Eq.4. Consequently, there are at most two distinct solutions of vanishing points. For configuration two, as aforementioned, only one non-trivial root
is obtained from Eq.7 in general, so only one solution is generated.
In [5], an algebraic geometry algorithm is employed to solve a three-variable
and fifth-order polynomial system which yields 40 possible solutions. So the analysis of multiplicity is more complicated. Comparatively, our result is quite clear
and simple. Besides, it’s consistent with previous conclusions: In [5], it’s concluded that at most two distinct solutions for the orthogonal vanishing points
can be obtained from observations of more than 3 lines passing through at least
two vanishing points; In [6], it’s pointed out that in order to have a finite number
of solutions for the camera’s orientation, three or more lines must be observed
and at least one of the 3D lines must be nonparallel with the others. In a Manhattan world this corresponds to observing three lines that pass through at least
two (out of three) vanishing points. In that case, up to eight solutions for the
camera’s orientation may exist. For each set of estimated vanishing points, a
rotation matrix R can be obtained by R = V P/det(V P ) where det() means the
determinant of a matrix. It’s easy to verify that R0 = ΠR for

 
 
 

1 0 0
−1 0 0
−1 0 0 

 1 0 0


 
 
 

Π ∈  0 1 0 ,  0 −1 0 ,  0 1 0 ,  0 −1 0
(9)




0 0 1
0 0 −1
0 0 −1
0 0 1
is also a valid orientation solution [5].
Now we summarize the results for line triplet in a Manhattan World: (i) if
three lines are orthogonal to each other, then there are two distinct solutions for
the orthogonal vanishing points which correspond to 8 solutions of the camera
orientation; (ii) if two lines are parallel, and the third line is orthogonal to them,
then there is one solution for the orthogonal vanishing points in general which
corresponds to 4 solutions of the camera orientation; If the image lines of two
parallel spatial lines are also parallel in the image plane, then the vanishing point
at infinity is an additional solution which brings 4 more solutions of the camera
orientation. (iii) if three lines are parallel to each other, then only one vanishing
point is determined up to sign, for the rest of two vanishing points, there are
infinite solutions, so does the camera orientation.

4

Classification of lines

Like other approaches to estimate vanishing points[4,5,9], the proposed algorithm
is RANSAC-based. For the image of a Manhattan world, only the vanishing
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points along three Manhattan directions are of interest. An efficient and robust
RANSAC-based approach is presented in [5] which generates hypotheses for all
three orthogonal vanishing points of the Manhattan directions at once. For each
hypothesis from a randomly sampled line triplet, the aforementioned two nondegenerated line configurations (Sec.3) are tested. A polynomial system solver
is used to obtain a few sets of vanishing point solutions (at most eight solutions
for each hypothesis). Then all the solutions are employed to classify the lines
and the one resulting in the largest number of inliers is the winner.
An improved RANSAC algorithm is designed to speed up the hypothesis test
and to reduce the number of hypotheses by the following observation from the
York Urban Database (YUD) [3] : for at least one of the Manhattan directions,
a large number of its corresponding lines are close to parallel in the image plane.
Based on this observation, we first compute the histogram of image line directions
ranging in [−90◦ , 90◦ ]. According to the direction histogram, we then group
image lines for three situations: (a) most of the lines included in the largest two
bins in the direction histogram correspond to two Manhattan directions; In this
situation, groupA1 includes lines in the largest bin and groupA2 includes lines in
the second largest bin; (b) most of the lines included in the largest bin correspond
to one Manhattan directions while lines in the second largest bin are randomly
distributed; then groupB1 includes lines in the largest bin and groupB2 includes
the remainder lines; (c) the direction of image lines are completely irregularly
distributed; then groupC includes all the image lines.
Notice that the above three situations are not a partition of a random event
while it’s worth to consider them separately. For situation (a), the hypotheses are
generated by two steps: first randomly pick two lines from groupA1, then sample
a line from groupA2. The hypotheses are tested by assuming that two lines from
groupA1 are parallel and the line from groupA2 is orthogonal to them. Then the
algorithm presented in Sec.3 is employed to estimate the vanishing points. In
general only one solution will be computed for each hypothesis in this situation.
For situation (b), each hypothesis includes a line triplet in which two of them are
sampled from groupB1 and the other line is from groupB2. The hypotheses are
tested by assuming following 4 cases: L1 ⊥L2 ⊥L3 (configuration 1), L1 k L2 ⊥L3 ,
L1 k L3 ⊥L2 and L2 k L3 ⊥L1 (configuration 2). Then five solutions of vanishing
points will be computed for each hypothesis in this situation. For situation (c),
three lines are sampled from groupC to form a hypothesis which is tested by the
same way as for situation (b).
For a line, the normal of its interpretation plane nc should be orthogonal to
its corresponding vanishing point vp. So for each solution of three orthogonal
vanishing points, we classify lines accordingly. If a line is not consistent with
any of the vanishing points, then it’s considered as an outlier. The winner of
the RANSAC algorithm is the hypothesis that results in the largest number of
inliers [5]. The framework of our RANSAC algorithm is summarized as follows:
1. Compute the direction histogram of image lines;
2. Group lines for three situations:(a) groupA1, groupA2; (b) groupB1, groupB2;
(c) groupC;
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3. Test a hypothesis in situation (a), and update the classification results if
more lines are accepted as inliers. Repeat this step until the ratio of inliers
is larger than a threshold τin or the number of tested hypotheses in (a) is
more than a threshold τhypA .
4. If the current best inlier ratio is larger than τin then go to step 8;
5. Test a hypothesis in situation (b), and update the classification results if
more lines are accepted as inliers. Repeat this step until the ratio of inliers
is larger than the threshold τin or the number of tested hypotheses in (b) is
more than a threshold τhypB ;
6. If the current best inlier ratio is larger than τin then go to step 8;
7. Test a hypothesis in situation (c), and update the classification results if
more lines are accepted as inliers. Repeat this step until the ratio of inliers
is larger than a threshold τin or the number of tested hypotheses in (c) is
more than a threshold τhypC ;
8. Return the best classification results, the best hypothesis tested and the best
solution of vanishing points.
Actually, situation (c) is necessary to be considered only when a great amount
of lines are corresponding with non-Manhattan directions. In that case, the Manhattan world assumption may be invalid. For all the images in the YUD, the
RANSAC process finds a valid hypothesis in situation (a) or (b). So in our implementation, τhypC = 0, τhypA and τhypB are selected by the adaptive algorithm for
determining the number of RANSAC samples presented in [16]. One can expect
that the speedup of the proposed RANSAC algorithm will be three-fold in general. First, there are less number of vanishing point solutions for each hypothesis
than that of in [5]: One solution for a hypothesis in situation (a) and 5 solutions
for a hypothesis in situation (b) and (c). Second, the possibility to find a good
hypothesis in each test is higher than that of in [5] because the total number of
hypothesis for situation (a) and (b) are smaller. Third, another great important
factor to accelerate the algorithm is that only few quadratics are involved to
compute the vanishing point solutions of a hypothesis. For a modern computer,
the consumption time to find the solutions of quadratics is negligible.

4.1

Refinement of the classification

The results of the RANSAC process is refined by using all the inliers based on the
constraint that nc ·vp = 0 in the camera frame. There are many methods to refine
the estimated vanishing points. One obvious way is to use an iterative method
(eg. the Newton-Raphson Method or the Levenberg-Marquardt algorithm ) to
P3 P#C
optimize the object function f = j=1 i=1j (nci ·vpj )2 where #Cj is the number
of lines in class Cj . We denote this method as Iter for later reference. Another
option is to use the AlgLS algorithm [17] to find the optimal solution. When
the efficiency is the main concern, then a third method (called SVD) will be
employed as follows:
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Fig. 3. The boxplot of the performance
of three refinement methods. In the
boxplot representation, the red central
mark is the median, the top and bottom edges of the box are the 25th and
75th percentiles in the 100 runs. The
maximum and minimum percentages
of images with improved inlier ratio
after refining are also marked by the
whiskers of the box.

1. Choose the top two classes which include larger number of lines to build two
linear systems:
 cT 
n1
 nc2 T 
 vpj = 0, j = 1, 2;

(10)
...

cT
n #Cj
2. Use SVD to get the least-square estimations vp
ˆ 1 and vp
ˆ 2 from Eq.10;
3. Compute the third vanishing point vp
¯ 3 = vp
ˆ 1 × vp
ˆ2 ;
4. Adjust vp
ˆ 1 and vp
ˆ 2 to make them orthogonal to each other. Supposing that
the angle between vp
ˆ 1 and vp
ˆ 2 is θ, and letting β = 0.5(π/2 − θ), then
vp
¯ 1 = R(vp
¯ 3 , β) vp
ˆ 1 and vp
¯ 2 = R(vp
¯ 3 , −β) vp
ˆ 2 in which R(vp
¯ 3 , β) is a
rotation around the axis vp
¯ 3 with an angle β;
5. return V¯P = [vp
¯ 1 vp
¯ 2 vp
¯ 3 ].
Either of the above refinement methods could be employed. After refining,
we re-classify lines. If more inliers are obtained, then accept the refined results.
Otherwise, just keep the best solution of the RANSAC process.

5

Experiments

All the experiments are conducted on the YUD including 102 images from indoor
and outdoor Manhattan worlds. Two distinct line sets are tested for each image:
the first line set (LineSet1) is extracted from the image by using LSD line detector [18] which may also include many lines corresponding to non-Manhattan directions, the second line set (LineSet2) is offered by the database which includes
the labeled ground-truth lines with few outliers. The following experiments are
performed on a 3.4GHz Intel(R) Core 4 processor with 8 GB of RAM.
5.1

Comparison of the refinement methods

Before validating the proposed RANSAC-based approach, we first evaluate the
performance of the three refinement methods introduced in Sec.4.1: Iter, AlgLS
and SVD. Since one of our goals is to find more inlier lines, we check whether
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the ratio of inliers is improved after the refinement. In this experiment, we count
the number of images which have better inlier ratios after refining. For each
refinement method, we run 100 times on the whole database using two distinct
line sets respectively. The boxplot of the results by using Matlab are shown in
Fig.3. For the LineSet1, the average percentages of images with improved inlier
ratio by using Iter, AlgLS and SVD are 60%, 50% and 44%, respectively. For
the LineSet2, the average percentages are 60%, 56% and 48%. It’s clear that Iter
has the best performance for both line sets. Besides, the figure shows that even
with SVD refinement method, more than 40% of images have better inlier ratios
after refining, so the line refinement process is beneficial to the accuracy of the
algorithm. For the LineSet1, the total time spent on the refinement process for
102 images by using Iter, AlgLS and SVD are 566.4ms, 4311.3ms and 39.5ms
respectively. For the LineSet2, they are 350.8ms, 4059.3ms and 36.7ms. In terms
of the efficiency, it’s obvious that SVD method taking less than half millisecond
per image is superior. The Iter method is faster than AlgLS because of the good
initialization of vanishing points resulted by the RANSAC process.
5.2

Comparison with the state-of-the-art method

In the following, we compare the performance of the RANSAC process + Iter
method (RIter) and the RANSAC process + SVD method (RSVD). Besides,
one of recently reported algorithm (RNS) in [5] which features the highest performance is also compared. The implementation of RNS is by the courtesy of its
authors. The implementation of RIter and RSVD are available on our website1 .
We first measure the angular deviation of the estimated vanishing points from
the ground truth (GT) offered by the database. For three orthogonal vanishing
points, we ordered them as vp1 , vp2 and vp3 so that #C1 ≥ #C2 ≥ #C3 .
Thus, vp1 very often be the vertical direction. The cumulative histograms of the
angular deviations by using two line sets are provided in Fig.4. It can be seen
that RIter and RSVD achieve better accuracy than RNS on both line sets. The
vanishing points estimated by RIter and RSVD have angular deviation less than
5◦ for 100 images by using LineSet1. For all images in the YUD database, the
angular deviations of RIter and RSVD are less than 10◦ which means that RIter
and RSVD successfully estimate the vanishing points and classify lines on the
whole database even when some non-Manhattan lines are included in this line
set. If LineSet2 is used, the results of RIter and RSVD are even slightly better
as shown on the bottom row of Fig.4. While for RNS, it failed on few images.
One reason for the better performance of RIter and RSVD may be that during
the RANSAC procedure, if a hypothesis includes some lines pointed to nonManhattan directions, then the conditions to establish the quadratic in Eq.4
or Eq.7 are invalid. Their solutions will be much worse than that of a valid
hypothesis. However, the estimator employed in RNS is designed for general line
configurations in space, therefore it doesn’t distinguish a valid hypothesis from
a non-valid hypothesis very well.
1

http://www.mip.informatik.uni-kiel.de/tiki-index.php?page=Lilian+Zhang.
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Fig. 4. Cumulative histograms of angular deviations in degrees.

When comparing the angular deviations of vp1 , vp2 and vp3 , Tardif [4] reported that vp3 is the most problematic because it corresponds to the smallest
set C3 . For some images, #C3 even equals to 0 and it is impossible to correctly
estimate vp3 by Tardif’s approach. But for RIter, RSVD and RNS, this won’t
be a problem because three orthogonal vanishing points are generated simultaneously from each hypothesis. If the first two vanishing point could be well
estimated, so does the third one. This conclusion is supported by Fig.4.
We now test the consistency of the labeled ground-truth lines with the estimated vanishing points. In YUD database, the ground truth lines in the images
are classified manually by Denis et al [3]. The consistency error of each line is
defined as sin−1 (nci · vpj ) where vpj is the corresponding vanishing point. The
Root Mean Square (RMS) of the consistency error is computed across all the
ground truth lines in the image. The cumulative histograms of RMS consistency
error for vp1 and vp2 are demonstrated in Fig.5. The RMS consistency error for
vp3 is omitted because no corresponding lines of vp3 are manually associated
in some images. The consistency errors computed by using ground truth (GT)
vanishing points are also reported for better comparison. Fig.5 shows that RIter
and RSVD achieve slightly better performance than RNS in terms of consistency
error. They are even comparable with the ground truth. Using RIter and RSVD,
all the images result in RMS consistency errors less than 2◦ .
Finally, we compare the time performance of these algorithms. Since they
are RANSAC-based, the consumption time varies for different runs. For each
image, we run 100 times and compute its average consumption time. For fair
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Fig. 5. Cumulative histograms of consistency errors in degrees.

Fig. 6. Computation time per image of the tested algorithms with Matlab
Table 1. The computational time of C++ versions of RIter and RSVD.
LineSet1
LineSet2
Min Mean Max Min Mean Max
RIter (ms) 0.08 0.44 1.06 0.04 0.16 1.09
RSVD (ms) 0.05 0.39 0.84 0.02 0.12 0.81

comparison, here we use the Matlab implementation of RIter and RSVD because
only the Matlab version of RNS is available for us. The minimal, mean, and
maximal computation time are reported in Fig.6. For both line sets, RIter and
RSVD are much more efficient than RNS. Specially, for LineSet2, the mean
computational time of RIter and RSVD are less than 0.03s. For LineSet1, the
mean computational time of RIter and RSVD are less than 0.1s which can be
even improved if a lower inlier ratio threshold τin is chosen. The current value of
τin is 90% which yields that many hypotheses have to be tested because LineSet1
includes many lines pointed to some non-Manhattan directions, it’s impossible to
find more than 90% inliers for some images. However, the conservative threshold
is beneficial to the accuracy of the proposed algorithm.
In order to better demonstrate the efficiency of the proposed RIter and RSVD
algorithms, we also report the average computational time per image on both line
sets by using the C++ versions of RIter and RSVD in Tab.1. They achieve the
amazing speed for both line sets. The maximum computational time of RIter and

Vanishing Points Estimation and Line Classification in a Manhattan World

13

Fig. 7. Illustration of line classification results given by RSVD on four images of
the York Urban database[3]. Top two rows show the images with our extracted
lines (LineSet1) which include many lines pointed to non-Manhattan directions
and the classification results by using extracted lines. Bottom two rows show the
ground truth lines (LineSet2) offered in the database with few outliers and the
classification results, respectively. This figure is best viewed in color.

RSVD on LineSet1 and LineSet2 are about 1ms while the mean computational
time is less than half millisecond per image. For some images, the run time is
even less than one tenth of millisecond.
A few of the RSVD line classification results for images in the database are
shown in Fig.1 and Fig.7. The complete set of the results is reported in the
supplied additional material. Although the results of RIter are slightly better,
they aren’t presented because of the space limitation.

6

Conclusion

This paper presents a novel method for estimating three orthogonal vanishing
points and classifying lines in a Manhattan world with a calibrated camera. By
using the special feature of the Manhattan world, a quadratic is derived from a
line triplet which is employed to generate the three orthogonal vanishing points
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simultaneously. Then an efficient RANSAC-based line classifier is designed. Experiments conducted on the York Urban Database demonstrate the superiority
of the proposed algorithm. The real-time performance indicates that this approach could be employed into a visual SLAM system in a Manhattan world
which will be addressed in our future work.
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