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~ Abstract—Loop closing in vision based SLAM applications looking at which time previous measurements were added
is a dif cult task. Comparing new image data with all previous  to the map and sampling uniformly over them in the time
image data acquired for the map is practically impossible because domain. In this paper we argue that by using the knowledge

of the high computational costs. This problem is part of the f - | tchi t | i
bigger problem to acquire local geometric constraints from of préeviously matching measurements, we can samplé a se

sensor data for geometric map building termed data association. Of key measurements that best covers the map in the space
Commonly the computational costs are kept small by sampling of the measurements themselves. This sampling is performed
the image data uniformly over time or using a position estimate by regarding the previously matching measurements pairs as
from a mapping and localization algorithm. In this paper we 5" granh and use a technique from graph theory termed the
propose a more natural sampling approach, by determining a Connected Dominating Set (CDS)[4], to nd the a minimal
subset that best describes the complete image data in the space g '
of all previously seen images. The actual problem of nding Se€t of key measurements that still represents all measuateme
such a subset is called the Connected Dominating Set problemin the mapl[5].
which is well studied in eld of graph theory. The proposed In this paper we focus on vision based SLAM, because
method is particularly bene cial for realistic mapping scenarios 46 matching is known to be computationally expensive.
mcludmg moving objects.and persons, motion b[ur and changing H th d CDS thod iUst Il b
light conditions. Evaluation on multiple large indoor datasets ow'ever, € propose method can just as well be
show that the method performance is very close to that of applied to SLAM methods based on other sensors such as
an exhaustive data association scheme and outperforms otherlaser range scanners.
sampling approaches. In particular we focus on view based SLAM [1], in which
the so called map consists of a trajectory of robot poses
with their corresponding images, or views. In view based
In the eld of SLAM many effort has been devoted toSLAM data association involves matching each new image
ef ciently and consistently computing a global metric magwith previously shot images, as opposed to landmark based
from local geometric constraints [1]. However, most of th6LAM, in which features extracted from the new image are
theoretical results are based on the assumption that tlee dattched with 3D landmarks in the map. The vision sensor that
association problem to compute these local constraintsidsused in the experiments is a single viewpoint catadioptri
solved. vision sensor which can capture images with a very wide eld
Perfect data association involves nding for each new sensof view. However, all methods discussed in this paper could
reading, all the previous sensor readings that were addedust as well be applied to conventional cameras.
the map that correspond to it. However, the effort necessaryThe rest of the paper is organized as follows. First, in
to nd all these corresponding measurements grows linearBection Il, related work is discussed, focussing on howowisi
while the map is growing, making perfect data associatidtased mapping methods choose which parts of the map to
practically impossible for realistic mapping scenariosidA match with. Then, in Section IIl, we propose a new data
even with a very robust matching technique, ambiguitie$ wissociation approach based on the CDS. In Section IV we
always exist due to similar sensor readings in differentsparbrie y explain the lower level image matching technique dise
of the environment. Solving these ambiguities is addresgedin the experiments. In Section V the proposed method is
Rao Blackwellised Particle Filters [2] and the MCMC basedvaluated on multiple challenging datasets, mostly aequir
approaches that search in the space of topological maps [8]real home environments.
In this paper we focus on the rst problem: ef ciently nding
for each new sensor reading the corresponding previousisens
readings in a growing map. Sampling always has to be done to bound the computational
In general it is not possible to compare new measuremetitee spend on data-association. For vision based mapping
with each previous measurement of the map because it woafgplications there is an implicit bound given by the frame
cost to much computational time. Instead a choice shoulgte of the camera. Although standard cameras have a frame
be made which measurement of the map to consider fate of 30 frames per second. for indoor environments with
matching. This can be seen as a sampling problem in whidw brightness this is usually lower due to the higher shutte
we have to pick samples from the map given some distributicimes needed to capture enough light. For mapping very small
Commonly some simple heuristic is used, for example Bnvironments this reduction in the number of images could be

I. INTRODUCTION

Il. SAMPLING METHODS, RELATED WORK



enough to perform full data association in real time. Fogéar
environments it is not uncommon to drop most frames and for
example only pick one per second [6]. This is troublesome in
applications where robots stand still for long times, asallgu
is the case for robots interacting with humans such as museum
robots.

Another straight-forward sampling method speci cally dse
in view based approaches is to sample over the area that is be-
ing mapped [7][8]. This is commonly done by using odometry
measurements. This _methOd fails in non Statlp enVIronmen&%. 1. Figure explaining the rationale of using the Coneéddominating
where, for example, light changes occur or objects or humagi& method. The circles denote robot poses and the links ctingehem
move, while the robot is Standing still. Also, in small p|aceindicate that the images taken at the robot poses match. Ggscindicate
such as corridors and door openings, the appearance phaﬁ%”ﬁ;ﬁé Ezea;(s’ggitat"e‘zv\fvigrﬁ]”; ;f:;t pseto a new robot posd,
relatively faster given the movement of the robot than in big
convex spaces such as a big room.

A somewhat more sophisticated method is to pick sensor . S
readings given some quality measure. For example, to kepere images have a low similarity will directly be represeh
the map small and reducing the risk of adding non-stationady more key images. This is for example the case places with
image features, such as re ections and shadows, landm&ad or changing lighting conditions, but also in places wher
based approaches usually add just a few landmarks with hg:‘?'r are a lot of moving objects or humans. Images taken by
distinctiveness per frame to the map [9]. As a result motte robot while standing still will be highly similar as opgeal
computational cost of corresponding new feature resulnfrol® images taken while driving fast. In this paper we describe
corresponding them with parts of the environment with a I@" algorithm that uses such a sampling method. As opposed
of distinctive features, while only a little from corresmpting @ known methods that sample in image space, the proposed
to parts of the environment with a relatively low numbe_FnethOd d_oes not use clustering but determines a set of key
of distinctive features. This is a quite undesirable effecfnages directly.
Detecting loop closure in texture rich parts of the envirenin
is easy, while loop closing in texture poor parts needs extra
effort. In this paper we argue that feature poor parts shouldThe map of the View based SLAM approach consists of
be represented with relatively more features instead af les the complete set of past robot poses and their corresponding

In SLAM applications new robot positions in the map cafinages. In this section we propose a method to ef ciently
be predicted given the motion model. It is very common tperform data association given such a map and a new image
use this so called navigation prior to de ne parts of the magithout performing an exhaustive search. We rst explain
for data association [10, 9]. There are a few fundamentadw a set of key images is determined using the Connected
drawbacks with this approach. Due to linearization errof8ominating Set. Then these key images are used to de ne a
SLAM methods are usually overcon dent. Because of thigractical and ef cient data association scheme. We asshate t
crucial loop closing observations could be missed, becauggimilarity measure is de ned that can takes two images and
they are deemed close to impossible by the current map.d@mputes if they are similar or not. Later in Section IV we
general the resulting dependence of the landmark obsenvatbrie y describe the similarity measure used in the experitae
on the map is neglected, leading to an even more overcon dent o
state estimate. A. The Connected Dominating Set

There have also been approaches that sample in imag&Ve assume that we already mapped part of the environment
space. A common scheme to nd a set of key images is to rstnd found pairs of robot poses for which the corresponding
cluster the complete set of images based on an image sityiilaimages matched. The problem now is to compute a minimal
measure and then for each cluster choose one representateof key images that best describes the complete image set,
key image [11, 12]. However, solving a clustering problem igiven the set of matching image pairs.
actually a more dif cult problem than the problem at hand. See Figure 1 for an example scenario. Suppose the robot
In [13] nding clusters is simplied by using the temporal moves to a positio close to a previous robot positidD. If
distance with which the images were taken The drawbathke world is more or less static, then a newly captured image
of grouping images on the basis of temporal distance is thatB looks a lot like the image taken &. Thus the new
all images taken from the same place but at a different tinneage taken aB probably also matches all the images that
are put in a different group, producing probably quite sémil matched the image taken @t To localize oneself in the map
prototype images. Indeed one of the assumptions in [13]itsuf ces to compare the new image takenBatwith only one
that each location is visited only once. of these matching images takenlt E or F. Thus only one

Sampling images based on an image similarity measure ltdghese images has to be marked as key image and the rest
however some very nice advantages. Parts of the environmeah be ignored.

I1l. SAMPLING BASED ON IMAGE SIMILARITY



Of course this holds for all possible previous robot posgio  Images taken by the omnidirectional vision sensor are rst
It would suf ce to compare the new image with a subset of kemapped to panoramic images to be able to apply conven-
images which has the property that every image is either a kégnal computer vision techniques [15].Salient image Rin
image or matched a key image. This is exactly the de nition afr feature points, are found in the images by applying the
the Connected Dominating Set (CDS), a concept originatitggale Invariant Feature Transform (SIFT)[16]. These salie
from graph theory, which is commonly used for broadcastingpints are described by a standard SIFT descriptod 28
in large networks[4]. dimensions. Salient points that have a small Euclideaamiigt
The set of image pairs in the map can be seen asinadescriptor space to other salient points in the same image
graphG = (V;S), in which a nodev 2 V represents an are removed.
image and a linku;v) 2 S between represents that the two A set of point correspondences between the two images
images that correspond to nodeandv match. A Connected is determined by computing the two nearest neighbors of
Dominating Set % is de ned as follows. The set of nodes inevery salient point. Two points match if the ratio between
the Dominating Graph/® is a proper subset of the originalthese two neighbors is larger th&B. This is the standard
setV, such that every node in the original setV is either matching scheme as described in [16]. The number of point
in the Dominating SeV ° or is neighboring a node i % correspondences could be used to determine if the two images
] o depict the same part of the environment. However, the sét wil
8u2V:u2Ve_9v2Vvoi(uv)2S @ also include mismatched image points pointing to diffe&nt

The problem now is to nd a CDS with the minimal numbedandmarks.
of nodes so to compare as few images as possible. This taskhe point correspondences that are the projections of the
is however known to be NP-complete. Fortunately algorithng@me 3D point in the environment are constrained by the
exist that can nd a good approximation in the order of thepipolar geometry[17]. This epipolar geometry is formally
number of nodes [4]. Most of these algorithms rst removéescribed by the Essential matExthat relates the projections
links to make a spanning tree with as many leaves as possidfdandmarks as 3D points andr; on the camera surfaces:
and then de ne the set of all non-leaves as the CDS. TEr =0 tor all i @

We implemented an algorithm as proposed by Guha [4] that = ’

iteratively nds CDS nodes in a connected graph (see [4] forgy omnidirectional visiorl; andr; are usually obtained by
complete description of the algorithm). The computationeti normalizing the 3D light rays, corresponding to the pixel

of the algorithm is negligibly small as compared to the timgyordinates, to unit length, effectively projecting them @
needed for the actual image matching. For the datasets uggflere[15, 18].

for evaluation the computation time was always smaller thanThe 3x3 matrixE is estimated using a variant of tf&

1ms. point algorithm[19], for which the constraint is added thze

B. Data association scheme camera moves over a planar surface[20]. This algorithm is
used inside the RANSAC robust estimator, which estimates

ngr_ ezc? new :jmacge that_ IS tthaken t;y tthke ro_bot a e epipolar geometry and at the same time determines the
IS determined. L-omparing the newly taken Image Wi, yper of tting point correspondences[19, 21]. A point

:)het Images n ﬂt]e tCllDf,_r((aj_sul'is In shome textlra llrr}age IO"’“E%rrespondence tsE if the Sampson distance is below a
ut more importantly 1t indicates wnere 10 100K Tor MOreq 14 threshold which can be estimated from the data (we

matching images. To Qetermir)e as much matching image P E%do:m) [19, 21] and the corresponding 3D world point has
as possible, the new image is compared with all the 'maggspositive depth in both cameras[22]

that match matching CDS images. Thus in the example OfThe number of remaining mismatches, ttitig, is propor-

ch'gﬁrg ilsgl;r;enﬁr:ae}\évh(rande:jvsi,tuhrecmeDBtarr?;tlghes CDS node, tional to the total number of features found in the two images
T o _ If the number of tting point correspondences normalized by

In case the robot always reV|S|ts_ previous _Iocat|0ns th Re lowest number of features found in the two images is farge

the CDS method returns the approximately optimal subset O0n a threshold set @10, then the images match

localization. If the robot, however, drives through a odori ' '

it could happen that it can not match any of the images in V. EXPERIMENTS AND RESULTS

the CDS. Therefore, we do not only compare with matching o

images of matching CDS images but also those of all cDsS!n order to evaluate the proposed CDS data association

images that matched the previously taken image. method we applied it on several datasets, one "of ce set”
acquired in our university building and three "home set&éta
IV. COMPARING IMAGES in real home environments For all these datasets, including

This section brie y describes the matching technique usé@e one taken at the university building, the conditionsever
to compare two images taken by the omnidirectional visidar from ideal "lab conditions”.

system used in the experiment section. The method is bas
y P elqAII the used datasets, including images, odometry, sonar aset range

on mat(_:hing local image features and imposing the ePipoltha (all timestamped), are available frmtp://www2.science.uva.
constraint [14]. nl/sites/cogniron/
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Fig. 4. Comparison of the computational times for each new imdge o
the CDS data association and the conventional brute forceadethile the
map is growing. The large uctuations in both graphs are cdusg the
difference in number of image features in the new image. If it hese
The of ce dataset shows how the proposed method Copf gtures, matchlng to oth_er images takes more time. On both geaphcond
. . . oy . "order polynomial is tted indicated by the dashed lines.
with a robot traversing the same loop in the building twice.
The application of the method on the home environment
datasets evaluate the robustness of the method. Althougk ho TABLE |
environments typically have more visual texture resulting COMPUTATIONAL TIME USAGE FOR THECDS METHOD.
more image features, the dynamic light conditions make eanag
matching hard.

Fig. 2. Example image from the of ce data sets.

In addition the CDS sampling method is compared wi Dataset [ N [ matched [ links [ false | total time | average(std) ]
. . . 0,
other sampling methods based on time, displacement of thﬁ?fcel 1817573 ;‘3‘?23 i;;gg g;’ Zgg S gj S Egg
. ome , , o s T4 s (.
rokI)Eot an? fa ra;ﬂdotr;r:_ly dprl]cklng a bellsijt taset | Home 2 || 1845 | 192,876| 72,240| 0% 1359s| .73s(53)
xcept for the third home set all datasets were acquireel, o 5 || 1734 | 267.465| 105,843| 3% 934s| 53 (.45)

using a tele-operated Nomad Scout mobile robot platformm,

which was equipped with an omnidirectional vision system,

consisting of an Accowle convex hyperbolic mirror and a one-

megapixel Firewire video camera. The third home set was dctimes more image pairs. See Table Il for an overview of the

guired using Biron (the Bielefeld Robot Companion) equippeexhaustive data association scheme compared to the prbpose

with the same omnidirectional vision system. The computearethod.

vision and data association algorithms were implemented inWhile mapping the environment, more and more images

C++ and were running on a 2Ghz laptop mounted on the robatquired at different positions are added to the datasetharsd

the size of the CDS grows. This is depicted in Figure 5. At

A. Of ce dataset image507 the robot nished its rst loop in the environment
The of ce dataset was kept relatively small so we are stiind had a CDS size &0 images. During the second traversal

able to apply an exhaustive full data association corredipgn of the loop new images were matched with images taken in the

each new images with all previously seen images in the mpgevious loop, creating links between these images as shown

for evaluation purposes. The environment consisted of dlsm@ Figure 3(a). Because of these links only a few extra nodes

loop through two rooms and a small part of a hallway. Thgere added to the CDS during this second loop resulting in

robot was driven over the loop two times, see Figure 3(a, total of 37 nodes in the nal CDS (which are indicated

taking in total877images. See Figure 2 for and example image Figure 3(a). This is exactly what should be expected if

taken by the omnidirectional vision system. sampling in image space. Each key image represents images
Figures 3 visualizes the results of the proposed data asgtken in both traversals of the loop.

ciation step in two ways: a connectivity graph, linking the
matching images and using the odometry information for the
position of the image-nodes, and a connectivity matrix,alvhi
clearly shows the loop closing observations by the off-die
non-zero values.

In total 74,585 image pairs were matched3®3 seconds
resulting in 31,199 links. See Table | for an overview of th

TABLE Il
COMPARISON OF EXHAUSTIVE ANDCDS DATA ASSOCIATION.

Dataset Full CDS CDS/Full

. . . X matched links | matched links | matched | links

datasets and their computational time usage. In Figure 4=&
more detailed plot of the computational time usage of bot Of ce 384,126 32583)  74585| 31,199 19% | 96%
P P Ume usag mome 1 664,139 | 43,091 | 93,789 | 42,529 14% | 99%
the CDS method and the full data association is shown The, .« 5 || 1701108 74037| 192876| 72240 11% | 98%
exhaustive data association scheme resulted in 32,588, linkyome 3 || 1,502,511 | 113,555| 277,528 | 106,111 18% | 93%

only 4% more than the ef cient CDS method while comparing
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Fig. 3. Results of applying the CDS data association methothersmall dataset. (a) shows the graph, in which the nodessmnding to the images
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denote the nodes that were in the nal CDS. (b) shows the odivity matrix of the graph, with a darker color for image paivih a higher similarity. The
of-diagonal non-zero entries denote places where loopuosccurred. Note that at imag®7 the robot started driving over the loop a second time.
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Fig. 5. The number of nodes in the CDS, while the map is growirtge T
vertical dashed line indicates the beginning of the secoawtsal of the loop.

Also interesting is the distribution of key images (see
Figure 3(a)). Some areas of the environment such as the —
upper part are represented by only 4 key images, although (b) Home 2, the Unet demo house
the trajectory was driven 4 times, while other, much smaller
areas, such as at the middle right, are represented by 6 key

images. This is a direct result lighting differences betwee § i o
S

those areas, the second area being much darker than the rst
area.
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B. Real home datasets

The CDS method was also tested on three challenging
datasets acquired in real home environments. To get an fdea o 0O o (
the structure of these homes see Figure 6. Some typical Bnage E—
captured by the omnidirectional vision system are shown in _ _
Figure 7. For a detailed description of the acquisition @fsth (S‘i:t)yHome 3, demo house from the Bielefeld Univer-
datasets see [23].
. The I’S.t home datasett’ consisting O,f 1153 Images, 1S tak 1g. 6. Ground oor maps of the home environments. The positibthe
in a relatively feature rich home environment. However, th@riture is approximate.
images were shot in the evening, resulting in somewhat dark
images and more importantly some motion blur, because of the




higher shutter times needed to capture bright enough image
The second home dataset, which consisted of 1845 image
was taken during day time in a less feature rich home. Whilg
the robot was driving around people walked in close vicinity
to the robot. Home 3, consisting of 1734 images, is the mos|
dif cult. The environment has a relatively low amount of

visual texture and the dataset was shot in the evening. Als
the robot was heavily loaded, resulting in some additional (a)
motion blur. See Figures 7 for some example images of al
three datasets.

In Table | and Figures 8 the results of the data associatio
method are given in a similar fashion as for the of ce set.
For all three datasets the computational time of the comaplet
data association was fairly constant during map buildingy at
seconds. For Home 3 it was somewhat less due to the lack d
features, resulting from the bad lighting conditions. Tiiss
also the cause for the relatively high number of false pgesiti ©
image matches which can clearly be seen in Figure 8(e). B
visual inspection we found th&% of the matched images
was actually false for Home 3. The other datasets did resu
in any false match.

As with the of ce set the results are compared with an
exhaustive data association scheme, matching all imagés wi
each other. Again the same pattern is visible: the ef cieDISC
method nds almost all matching images, while doing 5 to 10
times less comparisons, see Table Il. The percentage @& fals
negatives is around%.

It is interesting to investigate the distribution of the key
images over the complete set of images and the position from

which they were taken. We highlight some of the speci gng 7(f) which were shot in a small hallway and the big
characteristics of sampling in the space of images by I@kifling room respectively. Both spaces are quite featurie aiod
into some parts of the home environments. have comparable lighting. Howevérkey images represent the

In Home 1 we see that relatively more key images a@na| hallway while only3 represent the big living room.
located in the middle to left part of the house than at the

right side (see Figure 8(a). One of the reasons is that in tEe
left part there are fewer objects and less visual texture. Bu’
another important reason is that on the left side the robotThe investigation of the distribution of the key image over
made relatively more turns resulting in more motion blur ithe tested datasets suggests that sampling in the space of
the images. Compare Figures 7(a) and 7(b) which were takgiages results in a subset of key images that better refigesen
in the left respectively right side of the house. the complete set, and is thus more suitable for data assnrtiat

The dataset taken in Home 2 was shot during day tint@sks. In the following we compare the proposed method with
and most light was coming in through the windows at the togther methods to pick key images of the Home 1 dataset. To
of Figure 8(c) (see also Figure 6(b)). However, some are#&Bake the comparison as fair as possible we set the sampling
such as the small entrance hallway at the bottom center wegnsity for each method such that the number of images-pairs
located far away from these windows and were as a result quit@t is evaluated is more or equal to the number of imagespair
dark. Compare the images in Figures 7(c) and 7(d) takeneygaluated by the CDS method. Thus the CDS method will use
a dark and a bright area. The implication for the sampling I@ss or equal the amount of computational time. Other than th
image space is that relatively few key images are necessangampling technique the data association method is conyplete
represent the top left as compared to the bottom center. the same.

In both previous examples it was also the case that the spacés a baseline the rst method just picks images randomly
in which the feature poor images were taken was smaller théiam the seen images. During each iteration a new set is ohose
the space in which feature rich images were taken. Indewith an average number of images equal:8¥ times the
when landmarks seen in the images are closer to the movimgmber of images in the map.
robot the view angle changes more quickly and it is more The second method uses the odometry measurements to
dif cult to match these images. In Home 3 we see a morgample over displacements of the robot. After e&ghcm
isolated example of this phenomena. Compare Figures 7é&s)images is added to the set of key images.

(e)

Fig. 7. (c) (d) (a) (b) (e) ()

Comparison of sampling techniques
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Fig. 8. Results of CDS data association method. (a) and (bjhareesulting graph and the connectivity matrix for the Homéc}land (d) for Home 2 and
(e) and (f) for Home 3. The graphs were plot using hand-caeteotdometry information for Home 1 an 2 and using the result oét-86¢AM for Home 3.
Green circles denote the images of the nal CDS. Lines wergvdriaetween poses to denote that the images corresponding tavehrobot poses matched.
By using the zoom functions of a PDF reader parts can be magboefully respect the number of found image matches, (for Adr@@ turn off Line
Weights, for Acrobat 7.0 turn on Wireframe). The connedivitatrices give another view on the results. The entries onrthie diagonals are the result of
matching sequential images, while the off-diagonal entrgesct instances of loop-closing.



