UN
d

1g21ta

Journal of Unmanned System Technology

Characterizing Indoor Vanishing Points by Local
Dominant Orientation Signature from
Omnidirectional Vision

Jun Yu Yang, Feng Li Lian, and Jiun Jau Lai
Department of Electrical Engineering, National Taiwan University, Taipei, Taiwan

Abstract—For a mobile robot, it is necessary to have the ability to
move accurately and autonomously in a known and/or unknown
environment. The vanishing points existing in indoor environment are
a key factor for the success of robot localization and navigation. To
successfully detect these vanishing points, this paper proposes a novel
approach of utilizing the distribution of orientation information from
omnidirectional vision. The local orientation data are first computed
by proper edge detection and then characterized by the local dominant
orientation signature descriptors. These descriptors are further filtered
based on the strength of its own orientation as well as its neighboring
orientations. The final orientation field is constructed by using the
interpolation of radial basis functions. The proposed approach of
vanishing point detection has been extensively tested in various indoor
environments such as narrow pathway library and multi-path corridor.
Experimental results demonstrate good performance compared with
existing approach.

Keywords—Omnidirectional camera, panoramic
visual localization, vanishing point detection.
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I. INTRODUCTION

THE advances in robotic technology have implied that the
robots are playing an important role in real-life scenarios,
assisting people in their daily activities. For example, some
office robots are commanded to fetch and deliver objects in an
office environment [1]. To accomplish these tasks, the robots
have to realize their self-position and destination. Besides, in
order to reach their destination safely and efficiently, the robots
must have the capability to navigate themselves among
stationary walls or doors as well as other moving objects in a
typical indoor environment. Furthermore, the ability of
localization and navigation is also an important function for
surveillance and security robots and home-care robots.

Localization refers to estimating the robot position in a
known or unknown environment [2]. With the localization
ability, a robot can realize its location and orientation in the
space when moving around. For completing the task from one
location to another location, the robot should be able to
navigate itself based on available information in a real-time
manner [3]. That is, the robot needs to compute its heading
angle in terms of localized environmental information.
Therefore, the understanding of wvanishing points in the
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environment becomes an important task for robot localization
and navigation [4].

Generally speaking, dense tracking and mapping (DTAM)
and structure from motion (SfM) are two types of generic
methods to understand the nearby environment of the host robot.
The DTAM methods are for real-time camera tracking and
scene reconstruction and do not rely on feature extraction from
every image pixel. The key task of the DTAM methods is to
precisely track the 6-degrees-of-freedom motion of the camera
by the entire dense model. These methods then estimate the
detailed texture of depth maps at selected keyframes [5].
Typical applications of the DTAM approaches include:
augmented reality [6], SLAM [7], 3D Scanning and Printing
[8].

On the other hand, the structure from motion (SfM) is a
technique to simultaneously estimate the location of scene
points (structure) and camera pose (motion) from a lot of
images with only a given sparse set of correspondences
between image features. A typical pipeline of SfM performs
incrementally in several steps, including detecting image
features, evaluating feature correspondence, estimating camera
pose, localizing 3D points, and optimizing by bundle
adjustment [9]. Typical applications of the DTAM approaches
include: Image-based 3D modeling [10], hand-eye calibration
[11], augmented reality [12], remote sensing [13].

A vanishing point can be defined as one point in an image
where multiple parallel lines converge [14]. On the other hand,
the vanishing point can also refer to a scene point at an infinite
distance to the camera [15]. Understanding the vanishing point
is very important for 3D interpretation, which is helpful for
acquiring meaningful information about the real scene. The
usage of the vanishing point is a technique, widely applied for
indoor vision-based navigation. A lot of parallel lines exist in
the indoor environment, such as the edges of floor boundary,
windows, and railings. By utilizing the vanishing points
identified from these lines, the directions which the robot can
move into can be estimated [16].

The localization and navigation tasks of an autonomous
robot conventionally depend upon range sensors, such as laser
range finder, to provide distance information about
surroundings. However, the range finders extract the range data
by scanning only one single line along the surrounding objects
or surfaces. Compared with a range sensor, a camera can



provide more plentiful color information which is helpful to
discriminate different objects in the environment [17].
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Figure 1 The flowchart of the vanishing point detection by LDOS
descriptors of the image

Although many systems are developed based on monocular
cameras, they are inappropriate for the robot with high speed
motion due to the limited field of view of these cameras. To
overcome this problem, omnidirectional cameras with full
directional view of the surroundings are helpful tools for
obtaining global information [18]. An omnidirectional camera
can provide a 360° field of view along the horizontal plane. If
an object is at a certain direction of omnidirectional image, it
surely exists in the same direction of the real world. This means
that the directional information of an omnidirectional image is
reliable and ready to use. However, the range or distance
information is undependable before proper characterization.
Hence, the vanishing point is more difficult to detect than that
in monocular images. Because these parallel lines in real world
appear as radial straight lines in the captured images, the
vanishing point can be obtained by analyzing these lines.

For example in [19], Manhattan world assumption is
applied to a monocular image, and a Bayesian model is utilized
to infer the orientation of the viewer which means the radial
straight lines in a monocular image. By doing so, the vanishing
point can be observed easily in such a normal image. Similarly,
Martins et al. proposed a 3D orientation estimation method for
urban environments by introducing Manhattan world
assumption to a monocular image [20]. However, in
omnidirectional images, these real-world parallel lines become
different types of curves, which increase the difficulty of
detecting vanishing points. Thus, the following two challenging
tasks are required for correctly detecting vanishing points: One
is to extract the curves from omnidirectional images which are
parallel in the real world; and the other is to analyze the curves
which are usefully and can be used to detect vanishing points.

To overcome these challenges, this paper proposes a novel
systematic framework of using the local dominant orientation
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signature (LDOS) descriptors as the orientation feature for
detecting vanishing points. These LDOS descriptors are
proposed in [14] for monocular images. Here, the structural
descriptors are applied in a panoramic image obtained from an
omnidirectional camera. Next, the appropriateness and
correctness of the local descriptor information is augmented
and interconnected by the proposed edge-feature filter and
chain-size filter. Finally, the orientation field is constructed by
using the radial basis function and the vanishing points can be
successfully extracted. The overall flowchart is illustrated in
Figure 1.

The rest of the paper is organized as follows. Section Il
surveys related work. Section 111 briefly describes the definition
and computation of the LDOS descriptors. Section IV presents
the detailed procedure of the vanishing point detection. Section
V analyzes the results of experimental tests and demonstrates
the benefits of the proposed detection approach. Finally,
Section VI summarizes this paper and discusses future work.

Il. RELATED WORK

Numerous vanishing point detection methods based on
omnidirectional camera have been proposed. The existing
approaches can be roughly categorized into two groups in terms
of geometry and energy properties.

First, many vanishing point detection methods use the basis
of unit sphere. In the beginning, the representation of sphere
has been utilized in [21] for normal monocular images. In
recent years, the spherical representation is used to deal with
various kinds of central cameras such as omnidirectional
camera by mapping the original image to the equivalent sphere.
If the camera has more than one projection center, the sphere
equivalence can help to produce an acceptable and reliable
geometry approximation in numbers of conditions [22]. A
projection model for sphere representations commonly used is
proposed in [23]. Antone and Teller introduced a method
combining the technique of unit sphere and the Hough
transform among multiple cameras [24]. This method can be
applied to single rectangular images as well, but using in an
omnidirectional image can increase the accuracy of vanishing
point detection. Therefore, more and more vanishing points
extraction systems based on omnidirectional images are
proposed. Bosse et al. designed a system based on
omnidirectional vision for vanishing point detection and
structure-from-motion [25]. Potential vanishing points are
detected by finding clusters of line intersections. Then, the
random sample consensus (RANSAC) based method is used to
seed initial clusters for an EM-based (expectation-
maximization) refinement.

In [26], and [27], the authors search for the vanishing points
fast with the orthogonality characteristic because their systems
are applied in urban environments. The geometric structure of
the city makes the vanishing points orthogonal to each other.

Several methods such as [21] and [28] use the Hough
transform to extract the line feature on the unit sphere and the
vanishing point detection can be performed, but these methods
are just for monocular images. These methods based on the



Hough transform are sensitive to the parameter sampling, that
is, the angle resolution, and may induce the mistake of
detecting the vanishing points, which have been confirmed in
[29]. Consequently, the powerful RANSAC framework is
applied to improve the limitation. For omnidirectional images,
in [30], the Hough transform and RANSAC are also used for
vanishing points detection, and the vanishing point information
is used for plane extraction. In [31], the panoramic image is
projected onto the unit sphere by a linear mapping. That is, the
2D image coordinate of the panoramic image is converted into
the two spherical angles by using the linear relationship
between them.

The second category in vanishing point detection is based
on entropy. Bonev et al. proposed a system to navigate a mobile
robot using an omnidirectional camera [32]. The directions of
the corridors or roads, namely the directions of vanishing
points, are estimated from the entropy analysis of a
one-dimensional omnidirectional image. The density of
features corresponding to more distant obstacles is higher in the
omnidirectional image.

Although numerous methods have been proposed for
detecting vanishing points, they have some disadvantages. For
the first type of methods, based on the unit sphere, they need to
realize the accurate intrinsic and extrinsic parameters of the
camera because the image information will be projected to
various spaces according to the geometric relationships of the
camera, image plane, and the world. Besides, these methods do
not utilize the orientation information of the edges in the image.
For the second type of methods, based on the entropy, they are
not generic for various scenarios. The entropy of the far place is
not necessary the highest in any environment.

Therefore, in this paper, a novel approach is proposed to
detect vanishing points using the orientation information in a
panorama. The omnidirectional camera does not need any
calibration owing to the usage of the orientation information.
Panoramic image is generated by unfolding an omnidirectional
image. The parallel lines in the real world become curves in a
panoramic image, and also converge in a vanishing point. Choi
et al. used the LDOS descriptors to extract orientation feature in
a monocular image. These LDOS descriptors, originally used in
a monocular image in [14] is applied in the panoramic image to
characterize key orientation information in each image block.
On the other hand, some unreliable blocks are first filtered out
and the left useful blocks are interpolated by the radial basis
function for constructing the orientation field in the overall
panoramic image. Finally, potential vanishing points are
detected by analyzing the curve behavior of the orientation
field.

I1l. BRIEF NOTE ON LOCAL DOMINANT ORIENT SIGNATURE

This section briefly describes key computational procedure
of the local dominant orientation signature (LDOS), which is
originally discussed in [14], and adopted here for characterizing
particular structural information in a given image.

First of all, a given image is divided into M non-overlapping
blocks, each of which is composed of BxB pixels. One of the
most information features for characterizing structural
information is the edge orientation and edge magnitude (i.e.,
the strength of the orientation) of every pixel. The edge
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orientation and magnitude can be easily computed by the Sobel
operator. For easy computation, the computed edge orientation
is quantized into K levels in the range of (—90°, 90°], and, due
to the symmetry, the orientation ranges (—180°, —90°] and (90°,
180°] can be mapped into the K levels. Hence, the orientation
level of the block is computed as follows:

_[9+90°

= WXKW, 0 & (~90°,90°] o

where ¢ and ¢ represent the edge orientation and the
quantized orientation level, respectively.

With each block, the magnitude of these orientations is
accumulated together to form the histogram of oriented

gradient (HOG) for the block [33]. The LDOS descriptor DL is

defined as the i-th-level dominant orientation of block m,
(i=1,...,K, m=1,...,M), and corresponds the accumulated HOG
value of the orientation level. Hence, the HOG pattern of the
LDOS is an important index for characterizing the structural
information embedded in the block and identifying the
similarity between blocks.
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Figure 2 Illustrated example of the LDOS computation: (a) The
original image of 9x16=144 blocks, (b) The 28-th block in the
image, (c) The Histogram of Oriented Gradient and the LDOS of
the 28-th block

Figure 2(a) shows an example of computing the LDOS of
one image obtained from the wiki website [34]. The image is
first divided into M=144 (i.e., 9x16) blocks, each of 30x30
pixels (i.e., B=30). The 28-th block of the image is shown in
Figure 2(b), and the orientation level of the block is computed
by Equation (1). Also, the HOG of the orientation levels and the
first five LDOS descriptors are summarized in Figure 2(c). On
the other hand, the first two LDOS descriptors are shown in
Figure 3, marked as red lines and green lines, respectively. It
can be observed that the LDOS descriptors greatly reflect the
structural information in the image. In order to compare the
similarity between block p and block g, the similarity index is
defined as follows:
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s(D,,D,.n) =Y @ |D; - D} @
i=1

where @ is the weight of the difference between the i-th LDOS
descriptor. In general, @ =...2 @, and Zi w, =1.
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Figure 3 The first two LDOS descriptors of the image

HOG of block p HOG of block q
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Orientation Level Orientation Level
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s(D,.D,.2) :;wi xmin(|D}, - D}, K | D} - D)
=0.8xmin(4,2)+0.2xmin(2,4) =2

Figure 4 An example of similarity computation between two
blocks

Because of the symmetry of edge orientation, Equation (2)
is modified to equation (3) as follows.

s(D,, Dq,n)=zn:a)l xmin(D}, - D}/, K —|D}, — D} (3
i=1
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A simple example is provided in Figure 4. Here, only the
first two dominant orientations are considered, and the weights
are setas 0.8 and 0.2.

IV. VANISHING POINT DETECTION USING LOCAL DOMINANT
ORIENTATION SIGNATURE

In the beginning, an omnidirectional image, such as the one
shown in Figure 5(a), is unfolded into a panoramic image, as
shown in Figure 5(b). The vanishing point detection algorithm
includes the following four processes: (1) Computing the local
dominant orientation signature (LDOS) descriptor from the
structural features of the image; (2) Eliminating unreliable
features through edge-feature filter and chain-size filter; (3)
Constructing the orientation field by using the radial basis
function (RBF); (4) Extracting the vanishing points. The
detailed description of these four processes is discussed in the
following.

A. Computing local dominant orientation signature

The whole panoramic image is first divided into M
non-overlapping blocks whose size is BxB pixels. The LDOS
descriptors of block m, {p! D?, .., DX}, m=1,..,M, with K
levels of orientation quantization, can be obtained as discussed
in Section III. The first two descriptors of Figure 6(a), namely,
1st-DO and 2nd-DO, are denoted by black and red lines,
respectively, in Figure 6(b).

Figure 5 (b) The corresponding panoramic image



Figure 6 The LDOS and the results using different neighbor
definitions: (a) the original image, (b) the first two LDOS
descriptors on the brightened original image, (c) the block chain
generated with the standard 8-neighbor approach, (d) the block
chain generated with the orientation-neighbor approach
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B. Feature Filtering, Block Linking, and Size Filtering

Carefully viewing the LDOS descriptors shown in Figure
6(b), it can be observed that some of the descriptors do not
correctly reflect the orientation of the corresponding block.
Hence, it is required to remove these descriptors with less or
inappropriate orientation information.

First of all, the blocks with a smaller magnitude or
inappropriate orientation should be identified. It is done by
verifying whether the magnitude, denoted as 1st-DM, of the
first dominant orientation, 1st-DO, is too small or not. If
1st-DM is too small, then the block might contain few edge
features and the block should be removed. On the other hand,
because only parallel curves are the most important features for
detecting vanishing points, the blocks with the feature of
vertical lines should be removed. That is, the blocks with large
1st-DO should be removed. In the tested scenario, the following
conditions are used to filter out these useless blocks:

1) 1st-DM > 500, and

2) |1st-DOJ < 70°.

For different scenarios, other user-defined parameters can
also be used to reflect the feature of the orientation information.

The next task is associating adjacent similar blocks to
generate a useful block chain. Two blocks are considered as
adjacent similar blocks if they are next to each other and the
similarity index, defined in Equation (3), between them is good
enough. For each of presentation, only 1st-DO and 2nd-DO are
used to compute the similarity. Their weights are defined as
follows: », =0.8, w, =0.2, and the similarity threshold is set as

2. Therefore, the similarity value between Block p and Block
( can be computed as follows:

s(D,,D,,2) =0.8x min(\D; -D;

18-|D} - Di)

18-|D? - DZ)). @

+0.2xmin(|D? - D

To associate adjacent blocks, it requires proper definition of
neighboring blocks. In standard image processing, either
4-neighbor or 8-neighbor approach is usually implemented.
Because the 4-neighbor approach cannot associate the blocks at
diagonal positions, the result might be too rough. With the
8-neighbor approach, the blocks can be associated in more
directions. However, two groups of blocks with different
dominant orientations could be connected if they are adjacent
blocks and have certain level of similarity. This will further
generate inappropriate association of blocks. One example is
shown in Figure 6(c). The (red) circle in the center denotes the
starting point to associate blocks, and the (green) squares
denote the blocks associated with the (red) circle. In this
example, the blocks representing different parallel curves are
linked together.

The standard 8-neighbor approach regards all the eight
adjacent blocks as neighbors regardless of the dominant
orientations of these blocks. Here, the orientation-neighbor is
defined based on the extended line of the dominant orientation
of the block as shown in Figure 7. The gray blocks represent
the neighbors of the center block. The dominant orientation of
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Figure 7 (a) 8-neighbor approach and (b) orientation-neighbor approach

Figure 8 The result of performing feature filtering, block linking, and size filtering: (a) original panoramic image, (b) 1st-DO of the
panoramic image, (c) after performing feature filtering. The blocks with strong and non-vertical 1st DO are preserved: (d) after the
similar-block association. Different colors represent different groups of blocks: (e) after the chain-size filtering



each center block is plotted in the center. The (yellow) dash
lines shown in Figure 7(b) denote the extended lines of the
dominant orientation. The gray blocks passed by these (yellow)
dash lines are defined as the orientation neighbors. Figure 6(d)
shows the generated block chain by using the
orientation-neighbor approach.

Finally, some chains with a small number of blocks are
unreliable and could be noisy for generating a strong set of
parallel lines. Hence, if the number of block chains is smaller
than a constant C, says C=7, these blocks are also eliminated.
That is, the block chains are preserved if the chain of blocks is
strong enough to be considered as parallel lines.

Figure 8 displays the result of performing orientation-
feature filtering, similar-block linking, and chain-size filtering.
An original panoramic image is shown in Figure 8(a). The
1st-DO in each block is displayed in Figure 8(b). After
performing the feature filtering, the blocks having a strong and
non-vertical 1st-DO are maintained, and the perverted blocks
are the black blocks shown in Figure 8(c). Furthermore, after
checking the similarity and the orientation-based adjacency,
appropriate blocks are linked together to form block chains, as
shown in Figure 8(d), where different colors represent
different sets of block chains. Finally, Figure 8(e) shows a
small set of block chains after the chain-size filtering. It can be
observed that all the identified block chains greatly map to the
locations with strong parallel lines.

C. Orientation Field Construction

The orientations in the identified block chains are assumed to
be the parallel curves in real-world scenario. The next task is to
properly utilize the orientation information to construct a
suitable parallel-curve trend by the interpolation technique with
radial basis functions (RBFs). A radial basis function is
typically used to build up an approximation of the following
form [35]:

N
y) =2 o o(x-x|) (5)
i=1
where the approximating function y(X) is represented as a
sum of N radial basis functions, ¢(), each associated with a
different center X; , and weighted by an appropriate coefficient
@, . Typical types of RBFs include Gaussian, multi-quadric,

and inverse multi-quadric. In the tested scenario, an inverse
multi-quadric of the following form is used:

1
(/7(r) = \/]? (6)

where ' denotes the distance between X and X; , that is,

r =‘ , X; denotes the location of the identified blocks,

and X denotes the position of other blocks. That is, the
orientation at X can be estimated by utilizing the
approximation function of using the orientation at X; .

X - X;

On the other hand, the angular symmetry of panoramic
should be further taken into account. Hence, during the
interpolation, the identified block chains are copied to both left
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and right sides of the original panoramic image, as shown in
Figure 9. Therefore, the leftmost and rightmost blocks of the
original panoramic image can be correctly interpolated. Figure
10(b) shows the resulting interpolated orientation field by using
the inverse multi-quadric RBF on the identified orientation in
Figure 10(a).

D.Vanishing Point Extraction

The vanishing points are the convergent points of sets of
parallel lines on one vertical wall, horizontal floor or ceiling,
viewed from one typical 2D image. Hence, the last task is to
extract the location of vanishing points by observing the trend
of parallel curves from the interpolated orientation field. For
example, in a narrow environment such as corridor, vanishing
points exists at the end of the aisle as shown in Figure 11,
where these vanishing points are manually marked by (red)
Crosses.

From Figure 10(b), it can be observed that the orientation of
the blocks around the wvanishing points exhibit either
up-concave or down-concave patterns, as shown in Figure
12(a) and (b), respectively. Therefore, the location of vanishing
points can be identified by justifying the existence of concave
pattern on the orientation field by executing the following four
steps: (1) orientation classification; (2) concave extracting and
grouping; (3) concave pairing and linking; and (4) finding
vanishing points. The operation of these four steps is discussed
in detail in the following.

First of all, the orientation of all the blocks are classified into
three groups: small (either positive or negative) orientation, ¢, ,

large positive orientation, ¢, ,, and large negative orientation,

6, - The classification decision is based on the following rule:

Op, if O(xy)>¢
O.(x,¥) =16, if O(x,y)<—¢, @)
6s, otherwise

where ¢, is a threshold constant, O(-,-) denotes the original
orientation, and O, (-,-) denotes the classified orientation field.

After applying the rule to Figure 10(b), these three groups of
orientation blocks are marked as white, black, and gray blocks,
respectively, as shown in Figure 13(a).

Next, in order to correctly determine the up-concave and
down-concave patterns, these small orientations located
between the large positive and large negative orientations
should be identified. That is, in an up-concave pattern, the
locations of these orientations, horizontally from left to right,
should be large negative, small, and large positive, and, in a
down-concave pattern, the location should be large positive,
small, and large negative. This phenomenon can be easily
observed in Figure 12(a) and (b). Hence, by utilizing these
characteristics, the up-concave and down-concave patterns can
be easily detected. It can be easily observed that the up-concave
and down-concave patterns are usually existed above and
below the so-called same-height line (SHL), which is the same
horizontal line both in real world and on the panoramic image.
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Figure 10 The construction of the orientation field: (a) the orientations of identified block chains, (b) the interpolated orientation field of
the whole image
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Figure 11 The manual vanishing points on the panoramic image
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Figure 12 The two types of concaves in orientation field: (a) up-concave and (b) down-concave
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Figure 13 The result of vanishing point extraction: (a) three classes of orientation field, (b) small orientation for either up-concave or
down-concave pattern, (c) connecting the centers of concave pairs, (d) identified vanishing points, i.e., the intersection of the paired lines
and the same-height line

As shown in Figure 13(b), the blocks marked by (blue)
circles and (red) crosses between white and black regions are
the blocks of small orientation and belong to up-concave and
down-concave patterns, respectively. Hence, in Figure 13(b),
two separate pairs of up-concave and down-concave are
identified.

The third step is to compute the geometric center of every
up-concave or down-concave area, and, then, to pair these
up-concave and down-concave together. As shown in Figure
13(c), the inverted triangles are the geometric centers of
up-concave, and the regular triangles are the geometric centers

of down-concave. Furthermore, the down-concave center and
the up-concave center are paired together if they are close to
each other, as the two (blue) lines shown in Figure 13(c).

Finally, the intersection of the paired lines and SHL are the
vanishing points. As shown in Figure 13(d), the (blue) solid
lines are the paired lines connecting up-concaves and
down-concaves and the (yellow) dash line is SHL. The
vanishing points are the intersection of these two sets of lines
and denoted as (red) plus signs. The identified vanishing points
are marked into the original panoramic image as shown in
Figure 13(e).



(@)

Figure 14 The apparatus used in the experiment. (a) The mobile
robot equipped with an omnidirectional camera in (b).

V. EXPERIMENTAL RESULTS AND ANALYSIS
A. Experimental Setup

The apparatus used in the experiment is displayed in Figure
14, where an omnidirectional camera (VS-C14U-80-ST) shown
in Figure 14(b) is moutned on top of the mobile robot (Active
Media Pioneer I11) with on-board encoders. The camera is used
to capture omnidirectional images. Four typical indoor
environments are used to test the proposed vanishing point
detection algorithm. They are: (I) a crossroad of bookshelves at
our campus library; (1) a T-junction corridor outside the office,
MD258; (111) a corridor space outside the office, MD604; and
(IV) a corridor space outside the office, MD705. The
panoramic views of these spaces are shown in Figure 15, and
their geometric specifications are listed in TABLE I.

TABLE | THE SPECIFICATION OF THE TESTED ENVIRONMENTS

Location Space ?rlrz])e Characteristics
Campus Noise form books and
I Library Crossroad 17 bookshelves
T-junction . R
I MD258 corridor 1.8/2.4 Three corridor directions
m MD604 Corridor 25 Noise for.m railings and
windows
v MD705 Corridor 25 Poor and _non-umform
features, noise from boards

B. Vanishing Points Detection Based on LDOS

One snapshot of the experimental results of these four tested
environments are shown in Figure 16- Figure 19. The links to
the videos of these four tested scenarios can be found in the
Appendix. In each figure, four intermediate results generated
by the proposed vanishing point detection algorithm are shown,
and they are: (a) the available orientations of the reliable block
chains, (b) the interpolation result of RBF, i.e., the orientation
field, (c) the identification of vanishing points shown as (red)
plus signs, and (d) the vanishing points shown in the panoramic
view. In (c), the white and black regions indicate the large
positive and negative, respectively, orientations. The circles
and crosses between the white and black regions denote the
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up-concaves and the down-concaves, respectively. The
(yellow) dash line denotes the same-height line and the (blue)
solid line denotes the pairing line linking the paired concaves.

In Figure 16(a), the reliable orientations of parallel curves
in the environment are extracted and preserved. These parallel
curves are generated from the boards of the bookshelves. Then,
the orientation field in Figure 16(b) is constructed from the
orientations shown in Figure 16(a) by the RBF interpolation.
The concave extraction and paired result can be observed in
Figure 16(c). There are two up-concaves and two
down-concaves in this figure, and the two couples of the
concaves are generated according to their horizontal distance.
In Figure 16(d), these two vanishing points are detected
correctly in spite of the complex surroundings. It shows that the
proposed vanishing point detection approach is able to work in
the complex indoor environment, and the vanishing point result
is accurate.

In Figure 17(a), the reliable orientations of the parallel
curves in the environment are extracted and preserved. The
parallel curves are generated from the textures on the wall.
Unfortunately, the light reflection on floor also generates some
orientations, which is unexpected. Then, the orientation field in
Figure 17(b) is constructed from the orientations shown in
Figure 17(a) by the RBF interpolation. The negative effect of
light reflection can be reduced by interpolation. The concave
extraction and paired result can be observed in Figure 17(c).
Although there are two down-concaves un-paired in this figure,
the vanishing points can be detected with the vertical pairing
lines. In Figure 17(d), all the vanishing points are detected
completely and correctly even though there are three floor
directions appearing in the panoramic image. Moreover, the
light reflection on the floor does not affect the task to detect the
vanishing point.

In the third environment, as shown in Figure 18, although
the orientation information of railings and windows generate
the parallel curves to help vanishing points detection, the
objects behind the railings and windows may generate some
noise. Many orientations of the opposite building are preserved
as shown in Figure 18(a). Then, the orientation field in Figure
18(b) is constructed from the orientations shown in Figure 18
(a) by the RBF interpolation. In Figure 18(b), the regularity of
the orientation field can be preserved in spite of the unexpected
orientation information of the opposite building. The concave
extraction and paired result can be observed in Figure 18(c).
Although there are two down-concaves un-paired in this figure,
the vanishing points can be detected with the vertical pairing
lines. In Figure 18(d), the two vanishing points are detected
correctly because the orientation information of the floor
boundary is correct and adequate.

In the fourth and simple environment, as shown in Figure
19, the feature sources are only the floor boundary and the
notice boards. In Figure 19, the reliable orientations of the
parallel curves in the environment are extracted and preserved.
In this figure, most of the orientation information of the floor
boundary is extracted. Figure 19(b) is constructed from the
orientations shown in Figure 19(a) by the RBF interpolation.
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(d) MD705
Figure 15 The panoramic view of the tested environments
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(d) The detected vanishing points on the original panoramic view
Figure 16 Vanishing point detection result at the campus library
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(b) The orientation field

(d) The detected vanishing points on the original panoramic view
Figure 17 Vanishing point detection result at MD258

(c) The vanishing points detection result

Figure 18 Vanishing point detection result at MD604
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(c) The vanishing points detection result

(d) The detected vanishing points on the original panoramic view

Figure 19 Vanishing point detection result at MD705

The concave extraction and pairing result can be observed in
Figure 19(c). Although there are two down-concaves un-paired
in this figure, the vanishing points can be detected with the
vertical paired lines. In Figure 19(d), the vanishing points are
detected correctly owing to the sufficient orientations of the
floor boundary which can be observed in Figure 19(a).

C. Comparison with the Entropy Approach

In this section, the proposed vanishing point detection
algorithm is compared with the existing technology based on
the entropy of 1-D panorama, presented in [32][23], along with
the vanishing points manually identified, denoted as the ground
truth data. The data are shown in TasLE II-TaABLE V, for these
four tested environments.

As shown in TaBLE I, the two vanishing points detected by
the entropy method are acceptable although the right one is
rather inaccurate. Using the entropy method, only one
vanishing point can be correctly detected in the crossroad, and
the other vanishing point is detected at a wrong location. It can
be observed that the vanishing points detected by the proposed
approach are very close to those manually identified points.

As shown in TasLE Ill, by using the entropy method, only
one of three vanishing points can be detected in the T-junction

corridor. However, the detected point is mapped at a wrong
location. By using the proposed algorithm, all the vanishing
points are correctly detected and the detected locations are very
close to those manually identified points.

As shown in TaBLE 1V, although two vanishing points are
detected by the entropy method, their locations are inaccurate.
On the contrary, all the vanishing points can be correctly
detected by the proposed algorithm, and the detected locations
are close to those manually identified points. It shows that the
locations with high entropy are not necessarily the vanishing
points, and the features from parallel curves are more
dependable for detecting vanishing points.

As shown in TABLE V, the two vanishing points detected by
the entropy method are inaccurate. The result of using the
entropy method in this environment is better than that in the
previous three environments because the number of the
vanishing points is only two and the vanishing points are
located at the places with high entropy. On the contrary, all the
vanishing points can be correctly detected by the proposed
algorithm, and the detected locations are close to those
manually identified points.



TABLE |1 COMPARISON OF VANISHING POINT DETECTION AT THE
CAMPUS LIBRARY

ocation
et VP-1 VP-2 D
Ground Truth -100.91° 77.14°
LDOS 9357° 74.55° 497°
Entropy 96.37° 95.20° 11.34°

TABLE 11 COMPARISON OF VANISHING POINT DETECTION AT MD258

Methozcaﬁon VP-1 VP-2 VP-3 A&’?:sge
Ground Truth -42.11° 49.11° 143.94°
LDOS -41.05° 50.60° 145.21° 1.27°
Entropy N/A 24.71° N/A 24.71°

TABLE IV COMPARISON OF VANISHING POINT DETECTION AT MD604

Methl(:;)cation VP-1 VP-2 Aéﬁ:g?e
Ground Truth -105.75° 73.51°
LDOS -107.45° 81.99° 5.09°
Entropy -177.45° -3.50° 74.35°

TABLE V COMPARISON OF VANISHING POINT DETECTION AT MD705

Methlc:;)cation VP-1 VP-2 Aéﬁ:g?e
Ground Truth -117.34° 60.94°
LDOS -125.55° 74.33° 10.80°
Entropy -90.76° 90.76° 28.20°

VI. CONCLUDING REMARKS

For improving the capability of localizing and navigating
the mobile robots in an indoor environment, this paper presents
a novel approach of identifying one of the key structural
features, the vanishing points. In a 2D image, the vanishing
points are the convergent points of parallel lines in the real
world and can be detected by the proposed approach of using
the orientation information. The orientation information is
computed locally based on the Sobel edge detection and then
characterized by the local dominant orientation signature
descriptors. Useful and useless descriptors are further
distinguished by the edge-feature filter and the chain-size filter.
The rest of useful descriptors are then interpolated by the radial
basis function for constructing the overall orientation field.
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Finally, the vanishing points can be identified based on the
curve changing behavior. The proposed approach of vanishing
point detection has been extensively tested in four typical
indoor environments such as narrow pathway library and
multi-path corridor. Experimental results demonstrate good
performance compared with existing approach.

In the paper, only the directional information from the
omnidirectional images is utilized. The color information for
identifying different types of objects should be another useful
index for robot localization and navigation. Also, other than the
vanishing points, vertical lines and floor regions are two
important features for the mobile robots to localize and
navigate themselves in an indoor environment. The integration
or fusion of these features can greatly improve the robustness of
robot capability.
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APPENDIX

Video links to the tested scenarios:
[1] MD258 at http://youtu.be/TDJAUINSRnE
[2] MD604 at http://youtu.be/grivV5gSwG2M
[3] MD705 at http://youtu.be/Sshh1IFWhEXI
[4] NTULIb at http://youtu.be/gelPjnON7Xc
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