Hierarchical localization by matching vertical lines
In omnidirectional images

Abstract—In this paper we propose a new method for robot We focus our work on hierarchical localization, a quite
localization using an omnidirectional camera. It efficiently com-  nteresting subject because of the possibility of combining
bines in a hierarchical algorithm the possibility of obtaining  yitferent kinds of localization and also because its higher

appearance-based (topological) localization and metric one. Given .. . .
the current uncalibrated image seen by the robot, we obtain efficiency allows to handle better big databases of reference

its localization based on a visual memory of reference images images. The localization at different levels of accuracy with
with known locations. First aim is to find the room where the omnidirectional images was previously proposed by Gaspar
current image is taken, in order to get it we look for the most et al. [3]. Their navigation method consists of two steps: a
similar image in the visual memory: First, a global color-based fast but less accurate topological step, useful in long-term

filter is applied to get a limited number of candidate images. iqati is foll d b te trackind-based
Next, a more accurate similarity measure is obtained with a navigation, 1s followe y @ more accurate tracking-base

pyramidal matching algorithm. To this end, several histograms Step for short distance navigation. Also in [4], a hierarchical
are built characterizing the image, using descriptors of radial localization with omnidirectional images is performed. This

line support regions. The last step in the method is to get the time is based on the Fourier signature and gives an area
metric localization. The lines are matched to estimate the 1D where the robot is located around reference images from one

radial trifocal tensor, which provides robust matches and the - £t tati v efficient but it i
relative location between views. Compared to other vision-based environment. 1t 1s computationally efncient but it seems 1o

localization methods, the one proposed here has the advantagefequire a very dense database to achieve precise localization.
that it gets accurate metric localization based on a minimal Both works take advantage of a hierarchical approach, but they

reference image set. Moreover, thanks to the linear wide baseline do not go up to metric localization. One of the advantages

features, the method is insensitive to illumination changes and ¢ the method proposed here is that it gets this, combining
occlusions, while keeping the computational load small. We . . .
topological and metric localization.

show experiments with real images from two omnidirectional
image data-sets. We evaluate the performance of the method to
localize the robot, both finding the current room and the metric
localization.

Index Terms: - topological + metric localization, hierarchi-
cal methods, radial line matching, omnidirectional images

Our method performs a hierarchical localization in three
steps, each one more accurate than the previous but also
computationally more expensive. From the two first steps we
get the topological localization (the room where we are), with
a method inspired by the work of Graumenal. [5] for object
recognition usingpyramid matching kerneldn the final and
rd step, we continue to get a metric localization relative

For some robotic tasks, such as navigation or obstacle avotf&'

ance, the robot needs to continuously localize itself to corré& the VM. For that we use local feature matches in three

the trajectory errors due to odometry inaccuracy, slipping,v.'.ewf to l;ott\)llvjstly e§t|mate a éD trg:)qal ;en;tc:]r. The Irelgtlr\]/e
At this point it is clear we need accurate metric localizatio cation between views can be oblained with an aigorithm
information. However, the same accuracy in localization ased on the 1D trifocal tensor for omnidirectional images as
not always needed. Sometimes topological one is enou own in [6]. The features used are scene vertical lines. They

(e.g. saying in which room we are) and indeed this is al e projected in the omni-images as radial ones, supposing

a more intuitive information to communicate with hurnansvertlcal camera axis, and allow us to estimate the center of

In this paper we present a hierarchical method for robB{OjE?Ction in the image. The lD. projective cameras hav_e been
localization, combining topological and metric informationpreV'OUS|y used e.g. for self calibration [7] and the 1D trifocal
using a Visual Memory (VM). It consists of a database c;ﬁnsor, that explains the geometry for three O.f tho_se camera
sorted omnidirectional reference images (we knawpriori VIEWS, was presentt_ad n [8]. Correcting the radial qlstortlpn IS
the room they belong to and their relative positions). another recent application of the 1D tensor for omnidirectional

Omnidirectional vision has become widespread in the |28 29es 9]

years, and has many well-known advantages as well as extra

difficulties compared to conventional images. There are manyThe line features and the different steps of the localization
works using all kind of omnidirectional images, e.g. a mapnethod are detailed respectively in sections Il and Ill, and
based navigation with images from conic mirrors [1] om section IV we can see several experiments proving the
localization based on panoramic cylindric images composetfectiveness of the different steps of our method with real
from mosaics of conventional ones [2]. images.

I. INTRODUCTION



Il. LINES AND THEIR DESCRIPTORS

The number of features proposed for matching has increas
largely over the last few years, where SIFT [10] has becorm &
very popular. Yet, in this work, we have chosen vertica &
lines with their support regions as features. These lines shc
several advantages when working with omnidirectional image
(robustness against partial occlusion, easy and fast extracti
more invariant to affine geometrical deformations,...). Eac
line is described by a set of descriptors that characterize it
the most discriminant way possible, although it is necessary .
find a balan(_:e be_tween mvarla_nce and dlscnmmatl_ve pOWE(g 1. Left: detail of some LSRs, divided by their line (the darkest side on
as the more invariant the descriptors are, the less discrimingtright in blue and the lighter on the left in yellow). A red triangle shows
they become. In this section, we first explain lines extractidhe lines direction. Right: all the radial lines with their LSR extracted in one
process (section II-A), whereafter we shed light on the kiHﬁzgti'el';t‘:tg?ﬁzdi;th:rw‘i’t;p;"éﬁfé"’crr‘ O'SSS"(TQth with a yellow sfar (
of descriptors used to characterize them (section 1I-B).

A. Line Extraction the generalized color moments,

In this work we use lines and their Line Support Region
(LSR) as primitives for the matching. They are extracted using Myge = // @y [R(z,y)]*[G(z,y)]"[B(z, y)|*dedy. (1)
our implementation of th&urns algorithm[11]. Firstly, this L
extraction algorithm computes the image brightness gradidr&ing M2 ¢ a generalized color moment of ordert ¢ and
and after it segments the image into line support regions, whidegreei+b-+c andR(z,y), G(z, y) andB(z, y) the intensities
consist of adjacent pixels with similar gradient direction an@f the pixel(z,y) in each RGB color band centralized around
gradient magnitude higher than a threshold. Secondly a lit®¢ mean. These invariants are grouped in several classes,
is fitted to each of those regions using a model of brightnedgpending on the schema chosen to model the photometric
variation over the LSR [12]. We can see some extracted L3Rnsformations. The ones we found more suitable for this
in Fig. 1. As mentioned before, we use only vertical lines. Wapplication areType S(scale invariant), andype SO(scale
suppose that the optical axis of the camera is perpendiculaeged offset invariant). From all of them, we analyzed which
the floor and that the motion is done on a plane parallel to thees were more representative using a Principal Component
floor. Under these conditions, these lines are the only ones tAaglysis (PCA). Keeping a compromise between complexity
keep their straightness, being always projected as radial lires¥d discriminative power we select these 3 descriptors:
in the image. Therefore, they are quite easy to find and we 27110 37000
can automatically obtain from them the center of projection,”S"” = Fitvyoto
an important parameter to calibrate this kind of images. We ) ) )
estimate it with a simpleansacbased algorithm that checks 3) Intensity Frequency DescriptorsEinally we also use as
where the radial lines are pointing (Fig. 1). The real center gescriptors the first seven coefficients of the Discrete Cosine
projection is not coincident with the center of the image, angansform, DCT', over the intensity signallf of the LSR
the more accurate we find its real coordinates the better f€ach line. TheDCT is a well known transform in the

can estimate later the multi-view geometry and therefore, tAEas of .signal' proces;ing [14] f’:md widely used for imaQ.e
robot localization from it. compression.lt is possible to estimate the number of coeffi-

cients necessary to describe a certain percentage of the image
content. For example with our test images, seven coefficients
are necessary on average to represent 99% of the intensity
After extracting the image features, next step is to compuégynal over a LSR.
a set of descriptors that characterize them as well as possiblep/e have chosen 22 descriptors, but to deal with big amounts
Most descriptors will be computed separately over each of tge images, it would be good to decrease this number. Also
sides in which the LSR is divided (Fig.1). using PCA analysis we reduced it to a 12 line descriptors
1) Geometric Descriptors:We obtain two geometric pa- vector, that we will use for the Pyramidal matchir@color
rameters from the vertical lines. Firstly, its direction a descriptors(DS%¢, DSHE, DSSF) and 2 frequency descrip-
boolean indicating if the line is pointing to the center or notors (DCT:, DCT»), computed on each side of the LSR, ghd
This direction is established depending on which side of tgometric propertiegorientationd and directions). However,
line is the darkest region. The second parameter is the life¢ the individual line matching we propose to use also the 5
orientation in the imagéd € [0, 27]). following coefficients of the DCT in both sides of the LSRs, 22
2) Color Descriptors.: We have worked with three of the descriptors per line, because there this size is not that critical
color invariants suggested in [13], based on combinations & we will deal only with 3 images.
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B. Line Descriptors



I11. HIERARCHICAL LOCALIZATION METHOD with N; the number of matches (LSRs that fall in the same bin

As said before, our proposal consists of a hierarchical rofftthe histograms) in level andw; the weight for the matches
localization in three steps. With this kind of localization, wé that level, thatis the inverse of the current bin siz§.(This
can deal with large databases of images in an acceptable tifiglance is divided by a factor determined by the self-similarity
This is possible because we avoid evaluating all the imag@&re of each image, in order to avoid giving advantage to
in the entire data set in the most computationally expensifB2ges with bigger sets of features, so the distance obtained
steps. Note also that the VM stores already the extract®d < S((e), v(v))
image features and their descriptors. The matches between cv /50(0), 9(0) S0 $(0))

adjacent images can be also pre-computed to save time durin% o .
navigation. The three steps of our method, schematized in Fig©ONce the similarity measure between our actual image and

2 are as follows: the VM images is obtained, we choose the one with highest
' Se» as the most similar. Based on the annotations of this
chosen image, we know in which room the robot is currently.

: (©)

[ . . . o
| C. Line Matching and Metric Localization

' For some applications, a more accurate localization infor-
|

|

- FEINN LOCATION mation than the room is needed. In this case, we continue with

memory | fetoarf | rered ESTMATION Sy—> | wonsaion. the third step of the hierarchical method, where we need to

images) fmeaes Y e obtain individual matches to compute the localization through
o TENSOS, a trifocal tensor.

1) Line matching algorithm.:Once we have the most
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siepstand @ Seps @ similar image, first we find two-view line matches between the
- T current and the most similar, and between that most similar and
Jopological Lot its adjacent in the VM. The two-view line matching algorithm

we propose works as follows:
Fig. 2. Diagram of the three steps of the hierarchical localization. e First decide which lines are compatible with each other,
checking certain constraints in the direction, the relative rota-
_ ) tion and that at least the individual descriptor distances in one
A. Global Descriptor Filter side of the LSR are under an established threshold.

In a first step, we compute three color invariant descriptorse Compute a unique distance, from all the descriptors ones,
over all the pixels in the image. The descriptor usediS, between each pair of compatible lines. Mahalanobis distances
described previously in section 1I-B.2. We compare all thare the most commonly used, however a lot of training
images in the VM with the current one and we discard the needed to compute the required covariance matrix with
images with more thai60% difference in those descriptorssatisfying accuracy. Alternatively, we have tried to normalize
previously normalized. those distances dividing the descriptors by the maximum value
. : of each one. Theoretically, this may not be as correct as
B. Pyramlda.l Match.mg. o Mahalanobis distances, but in practice it works well and it

This step finds which is the most similar image to the currepd y,0re adaptable to different queries. So it is enough to
one. For this purpose, the set of descriptors of each linej§majize the values and to have the distances of the different
used to implement @yramid matching kernefl5]. The idea yings of descriptors in similar scales, so we can sum them.
consists of building for each image several multi-dimension@le 150 apply a correction or penalty to increase the distance
histograms (each dimension corresponds to one descriptQfi, the ratio of descriptors,;) whose differences were over
where each line feature occupies one of the histogram bifeir corresponding threshold in the compatibility test. So the

The value of each line descriptor is rounded to the histogragig| gistance we consider between two linesnd j, will be
resolution, which gives a set of coordinates that indicates the Min . Ain
dij = (drép +dpdr)(1+ Na), (5)

bin corresponding to that line.
Several levels of histograms are defined. In each levethere dyi% and d¥ 2% are the smallest distances (in color
the size of the bins is increased by powers of two until afind intensity descriptors respectively) of the two LSR sides.
the features fall into one bin. The histograms of each imagee Perform a nearest neighbour matching between compati-
are stored in a vector (pyramid) with different levels of ble lines.
resolution. e Apply a topological filter to the matches that helps to
The similarity between two images, the curregjtdnd one reject non-consistent matches. It is an adaptation for radial
of the visual memoryx() is obtained by finding the intersectionlines in omnidirectional images of the proposal in [15]. This
of the two pyramids of histograms improves the robustness of this initial matching.
L e Run a re-matching step, that takes into account the fact
S((e), Y(v)) = ZwiNi 7 @) that the neighbours to a certain matched line should rotate in
P the image in a similar way from 1 view to the other.



2) 1D Radial Trifocal Tensor and Metric Localization.: From the Almere data-set, we have extracted the frames
It is well known, that to solve the structure and motiofrom the low quality videos from the rounds 1 and 4 (2000
problem from lines at least three views are necessary. Thénames extracted in the first, and 2040 in the second). We
after computing two-view matches between the two coupleskdpt just every 5 frames, selecting half for the visual memory
images explained before, we extend the matches to three videxery 10 frames starting from number 10) and the other half
intersecting both sets of matches and checking a consistimttesting (every 10 frames starting from number 5).
behaviour. The other visual memory has 70 omnidirectional images

There is a scheme in Fig. 3 showing a vertical line projectgg40x480 pixels). 37 of them are sorted, classified in different
in the three views used and the location parameters we waséms, with between 6 and 15 images of each one (depending
to estimate da1, ty21, ty21, 31, t231, ty31)- on the size of the room). The rest corresponds to unclassified

We apply a robust methodansacin our case) to the three- ones from other rooms, buildings or outdoors.
view matches to simultaneously reject outliers and estimatejn Fig. 4 we can see an scheme of both databases, the second
a 1D radial trifocal tensor. The orientation of the lines ifne with details of the relative displacements between them.

the image is expressed as 1D homogeneous coordinates (|| images have been acquired with an omnidirectional vision
[cos6,sin6]) to estimate the tensor. The trilinear constrainkensor with hyperbolic mirror.

imposed by a trifocal tensor in the coordinates of the same
line v projected in three views (,ro, r3), is as follows,

2 2 2
Dic1 2t 2okt Tijk T1) T2(5)T8 (k) =0 )

where T}, (4,j,k = 1,2) are the eight elements of the
2 x 2 x 2 trifocal tensor and subindex, are the components
of vectorsr.

With five matches and two additional constraints defined
for the calibrated situation, we have enough to compute a 1D
trifocal tensor [8]. In our case we have a radial 1D trifocal
tensor, and it is known than from it we can get a robust set of

In general, the translation between views is estimated up to a
scale, but with the priori knowledge that we have (we know |
the relative position of the two images in the visual memory)
we can solve it exactly. l
|
IV. EXPERIMENTS AND RESULTS ;
In this section we show the performance of the algorithms
from previous sections for detecting the current room (IV-A),:
for line matching (IV-B) and for metric localization (IV-C). |
We worked with two different data-set&imereand our - - - - - - - - - - -~ -~~~
own (nameddata-set 2, because from this second one was Data set 2
available some extra ground truth data, that was convenieni-ig. 4. Grids of images in rooms used in the experiments. Fdpiere

measure the errors in the localization. data-set. Bottombata-set 2
\ V=Y, Y, Y] The present implementation of our method is not optimized

\ Verticatfink from a top view ‘ for speed, so timing information would be irrelevant. However,
' r3=1[r3;,r3

we have analyzed the time complexity in each of the three
amery T2 i/ steps of the method.
conter 2y 2=yl Image adjacent

Most similar ! 10 0:in the VM (0s
Image to 0: (02)

o The first step (Section IlI-A) has constant complexity
with the number of features in an image.

« The second step algorithm (Section IlI-B) is linear with
the number of features.

o The third step process (Section 1lI-C) has quadratic
complexity with the number of features.

\ Current
‘\ Image (O

Indeed, in each step we have a computational cost linear with
the number of images remaining on it. That is why is so

important to keep the minimal number of images for the last
Fig. 3. Motion between images and landmark parameters and most expensive step.



Almerelx1 Almere4x1 Data-set 2

A. Localizing the current room TOK T30k TOKk [ 30Kk TOK T 30K
In this experiment we ran the two first steps of the method. 85% | 53% || 55% | 34% || 100% | 94 %
We evaluated the topological localization for all possible tests TABLE |

in Data-set 2(removing 1 test-image and comparing again®INDING THE MOST SIMILAR IMAGE IN THE VM. 10k: most similar
all the rest). For the experiments with thdmeredata-set we found correct30k: 3 first images sorted with the similarity score correct.
used the frames left for testing from the round 1, and also the
same frame-number from the round 4.
First step: Before computing a similarity measure to the full
data-set, we applied the global filter. It was expected to rejesther images from round 1, while AlImere4d means that we
a big amount of very different images, leaving more or lesge classifying images from round 4 against the VM made
the ones corresponding to the same room and a relative sni@in round 1). The image chosen as most similarQk in
percentage (half or less) otitliers (images from other rooms). the table) was around 85% correct in thenerelc1 test and
The efficiency of this filter is quite good. We observed in thaelways correct with th®ata-set 2 In the testAlmeredx1 the
experiments with th®ata-set 2that an average of 70% of theperformance was lower, because the first step was working
images were rejected, from where only an average of 1.4R@rse, making sometimes that even all possible correct images
of the images were rejected being correct (false negativeskre rejected by it. This can be due to big occlusions, that
Using theAlmereimages the results were a little worse (arounthade the global appearance based step to fail more often.
80% rejected from where 20% were false negatives). Thitis proofs the importance of using local features to deal
decreasing in the performance become more accentuated wiwéth occlusions. If we skip the first step that is based in
classifying images from the round 2, with many occlusionglobal appearance, the performance will increase again but
where sometimes we got too many false negatives. In the wagito the computations will grow quite a lot. We must find a
cases all good solutions were rejected already in this fitsbmpromise between complexity and correctness.
step, making impossible for the next steps to find a correct1) Pyramidal vs. Individual Matching to get a similarity
classification. score.: The results of the algorithm we develop for matching
In those average values, indeed there are cases with f@vés in section I1I-C could also be used for searching the most
rejected images in this step, so the Pyramidal matching Wéiimilar image. For this purpose, we can compute a similarity
have to deal with many candidates, while other times very fes¢ore that depends on the matches founjl lfetween the
candidates passed (ir6% of the cases less than 5), makingair of images, weighted by the distancé) pbetween the
easier the task of the Pyramidal matching. lines matched. It has to take also into account the number of
Second stepThe goal of this step is to choose the moseatures not matched in each imadé @nd F, respectively)
similar image to the current one, that for us will be correct if,eighted by the probability of occlusion of the featurds)(

it is in the proper room. The defined dissimilarityp15) measure is
Firstly, for building the pyramid of histograms, indeed it
is necessary to perform a suitable scaling of the descriptors, DIS=nd+Fi(1—Py)+ Fa(l—P,) . @

as they have values in very different ranges. What we did is
to scale the descriptors considered more important (color andVe have compared this way and the Pyramidal matching
geometric ones) between 0 and 100, and the rest betweef€fhod to select the most similar image in the previous
and 50, so we achieve that the accuracy of the most import&%periments of this section and we noticed the pyramidal
descriptors decreases in a slower way than the accuracy of it@thod seems more suitable. The correctness in the results
others, in each level of the pyramid. Here, from thiemere Was quite similar for both methods. Using tiizata-set 2
set chosen for the VM, we will use only a fifth (every 5¢he individual matchings similarity measure the percentage of
frames: 50-100-150-...), as the images were still quite clogeod choices decreased frarfi0% to 92%, and also the per-
and to localize the room it is not necessary so much accurag§ntage when checking the 3 first images chosen was worse,
The data-set 2was already thought for this experiment so thBom 94% to 83%. With the Almeredata the correct results
images are already more separated, so we kept them all e 85% or 90% for selecting the most similar arig% or
the VM. In Data-set 2 the VM images were more equa||y52% when Checking the 3 first classified ones. However, the
distributed in all the rooms and without the conflicts in th&1ain advantage of the pyramidal method is that it is a linear
Almereone, e.g. when the robot is between two rooms. D@@gorithm, so it is much faster (in the experiments half of
to this fact, and that the VM from Almere trajectory waghe time than the algorithm based on the individual matches).
built automatically from the video sequence, without any postherefore, we decided to use the pyramidal matching to select
processing such as clustering nodes, we can observe a lotir most similar image.
performance with thé\imeredata-set. _ :

The results when choosing the most similar image af Line Matching Results
shown in Table | for all experiments, the one wibata- Here we show the performance of the two-view line match-
set 2and the two usingAlmere data (Almere# 1 indicates ing algorithm developed for the last step of the process. In
we are classifying images from round 1 against the VM dhese experiments we obtained individual matches between



. . . Location Rotation Transl. direction
each image and the most similar selected by the Pyramidal ; ' rect

- . ) : Param. Qg1 @31 to1 t31
matching (using the results from the experiments of previous reference| 0° 0° 0° -26.5
section IV-A, when a current image was compared against the manual | -1.34 | -0.90° | 0.6 | -26.3%

automatic | -1.38 | -0.94 | 0.68 | -26.4%4
rest of the VM). We got between 6 and 35 matches for the (std) | (0.07) | 0.07) | (0.13)| (©0.17)

different tests, depending on the rooms, from which only an TABLE Il

average of 10% were wrong.

9 9 METRIC LOCALIZATION FROM A Data-set 2TEST. reference reference data
manualresults with manual matcheautomatic mean and standard
deviation for results from automatic matches (50 executions per test).

The better performance we get with wide-baseline images,
the less density needed in the visual memory of each room.
So this step to get wide-baseline matches iskég-pointto
be able to work with a minimal database. In Fig.5 we can see
an example of the line matches using images more separated,

not with the image that was selected as most similar but WiFQsembling image is chosen based on a pyramidal matching
some further one.

with wide baseline local line features. This enables the grid
of training images to be less dense. A third step involving

the computation of the omnidirectional trifocal tensor yields

the metrical coordinates of the unknown robot position. Our

experiments, with two different data-sets of omnidirectional

images, show that this approach is fast and gives a good
accuracy.
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QUERY MOST SIMILAR FOUND ADJACENT IN THE VM

Image 1 — Almere1LQ00005 — Robust Line Matches Image 2 — Almere1LQ00010 — Robust Line Matches Image 3 — Almere1LQ00020 — Robust Line Matches

Almere Ix1. 19 initial matches with 11 wrong. After robust estimation: 12 robust matches with 4 Wrolﬁ)gcrzlggggg 3201 fg’}, Zglo fé’l},

Image 3 — Almere1LQ00510 — Robust Line Matches

Image 1 — Almere4LQ01125 — Robust Line Matches Image 2 — Almere1LQ00500 — Robust Line Matches

Localization

Almere 4 oc1. 15 initial matches with 5 wrong. After robust estimation: 12 robust matches with 3 wropg:> =" = 10(;2110 10‘53é 1151%410 fgéo

Fig. 6. Examples of triple robust matches obtained between the current position (first column image) and 2 reference images (second and third columns),
together with the localization parameters obtained.



