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5 Data association using

connected dominating sets

In this chapter, a new and practical method is developed to solve the localization and

mapping task for view-based topological maps.1 Both tasks require an efficient solution

for the data association problem as described in Chapter 2. We approach this problem

by comparing a new image with only a small subset of the complete set of images in

the map. We propose the use of the Connected Dominating Set technique as a solution

for choosing such a minimal set of key images that still represents the complete map.

This method is used in Appendix B and Appendix C to efficiently perform goal-directed

navigation and mapping. It can be combined with the image similarity measure, based

on the geometric estimation method described in Chapter 4.

5.1 Introduction

In Chapter 1, we introduced the view-based topological map consisting of a graph. Each

node in this graph denotes an image taken by the robot. Each link between two im-

ages denotes that they partly depict the same structures of the environment and a relative

camera pose up to scale can be estimated. In Chapter 2, we have discussed some im-

age similarity measures that determine whether two images can indeed be linked. In

Chapter 4, we proposed our own efficient and robust similarity measure.

The constructed view-based topological map can be used for a variety of tasks, such as

goal-directed navigation and human robot interaction, and can be extended using newly

acquired images. At the basis of these tasks is the ability to localize where the robot

is in the map given a new image. This involves solving the data association problem

(Thrun, 2002; Durrant-Whyte and Bailey, 2006). We have seen in Chapter 2 that the data

association problem for view-based topological maps involves finding the images in the

map that depict an overlapping part of the environment as seen in the new image. In

practice, this means that the image similarity values between pairs of images exceed a

certain threshold. In this chapter, we will call the images for which this is indeed the case

“matching images” or “matches”.

View-based topological localization can be defined as finding at least one of the matches

given a new image. This match gives a rough idea of the localization of the robot in the

map. We will call this type of localization “coarse localization”. In most applications,

however, we would want to find as many matching images in the map as possible. This

is, for example, the case when the map is extended with a new image and we want to

1The work described in this chapter was published in the Journal Robotics and Autonomous Systems (Booij

et al., 2009).
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5 Data association using connected dominating sets

add links to all matching images in the map. We define this type of localization as “fine

localization”.

The effort necessary to perform both types of tasks scales linearly with the size of the

map, making perfect localization practically impossible for realistic scenarios. Localiza-

tion for view-based maps can be performed more efficiently by considering only a small

selection of previously acquired images that gives a good representation of the complete

set. The images in this small selection are called “key” images. For a fine localization

this can be followed with an extra step by using the matching key images to search more

locally for more image matches.

However, it is unclear what constitutes a good representative subset of a collection of

images. In Section 2.3, we have already seen approaches to picking such a subset. For

example, by uniformly sampling the images based on elapsed time or robot displacement.

A better approach is to use the structure of the graph, effectively performing a kind of

sampling in the space of images (Zivkovic et al., 2005; Li and Kosecká, 2006; Valgren

et al., 2007). This means that parts of the environment where images are harder to match,

for example, because of bad lighting conditions, should be represented with more images

than parts where a lot of images match each other.

In this chapter we propose a view-based localization approach based on a graph theo-

retic method called the “Connected Dominating Set” (CDS) (Guha and Khuller, 1998).

A CDS denotes a subgraph that contains the minimal number of nodes that still covers

the complete graph. In other words, each node in the complete graph is either in the

subgraph or linked to one of the nodes that is in the subgraph. This concept is commonly

used for broadcasting tasks in large networks of computers. It was first proposed for the

task of robot localization in Booij et al. (2006). Later it was used in Anati and Daniilidis

(2009) in a robot mapping application and in Snavely et al. (2008) for estimating the 3D

geometry of famous buildings or tourist sites.

In Section 5.2, we describe the problem of finding key images given a view-based

topological map using a real world example. We then give the definition of the Connected

Dominating Set in Section 5.3, and show that it exactly solves the problem of finding key

images. In Section 5.4, we describe our algorithm including implementation details to

compute an approximate CDS which has a linear complexity with respect to the number

of images. In Section 5.5, the CDS algorithm forms the basis for both a coarse and a fine

localization method by combining it with an hierarchical data association scheme. For

a view-based topological mapping system the CDS algorithm is used as a starting point,

by determining a new set of key images for each newly acquired image.

In Sections 5.6 and 5.7, the real home datasets are used to evaluate both the localization

method and the mapping method. In both cases, evaluation will focus on the efficiency

and accuracy with respect to an exhaustive localization or mapping scheme in which

new images are compared with all images. Finally, we investigate how the CDS-based

methods compare to other techniques of picking key images. Our conclusions are given

in Section 5.8.
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Figure 5.1: An example of a view-based topological map with 17 images taken in a home

environment. Images depicting overlapping parts of the environment are

linked. A new image shown at the bottom is taken in this same environ-

ment. To perform localization based on this new images or add it to the map,

matching images have to be found. The problem is: with which of the images

in the map must one compare the new image, such that the minimum number

of images are compared while finding the maximum number of matches?
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5 Data association using connected dominating sets

5.2 Problem statement

Figure 5.1 shows an example of a view-based topological map and a new image taken in

the same environment. To perform localization using this new image, we could compare

it with all images in the map. For such a small environment with only a few images this

is possible. However, commonly view-based maps contain thousands of images, making

it necessary to consider a subset of all images. The problem is with which of the images

in the map to compare the new image, such that the minimum number of images are

compared while finding the maximum number of matches.

In this example, some of the images have quite some overlap. If two images are

indeed very similar, it would suffice to compare the new image with only one of them.

This overlap is actually encoded in the links connecting the images. Groups of images

that are fully connected to each other will have a large overlap with each other, and could

be represented with only a few images. At the same time, images with only few links are

rather unique. It is becoming clear that we can use the structure of the graph to pick key

images.

A well-known example that uses this structure is the spectral clustering method. In

Zivkovic et al. (2005); Li and Kosecká (2006); Valgren et al. (2007) this is used to cluster

the graph in a set of subgraphs, each containing images which are visually similar. An

image can be picked per cluster, resulting in a set of key images. However, spectral

methods are known to be complex and computationally intensive. On top of this, the

question remains which images should be chosen to represent each cluster. In the next

section we propose a different method that directly gives a set of key images.

5.3 Connected Dominating Sets

To find a set of key images using the structure of the view-based map, we make the

assumption that the new image is approximately the same as at least one of the images

in the view-based map. This is true if the images taken from the environment densely

sample all possible images that the robot could take. If this is the case, then we can define

a minimal set of images for which at least one image matches the new image.

If the new image is approximately the same as an image in the map then it will also

match all the images that are linked to this same image. If the new image in Figure 5.1,

for example is approximately the same as images “A”, then it will also match image “B”

“C” and “D”. Thus, to find a first match for the new image, it suffices to compare it with

one of the images “A”, “B”, “C” or “D” and ignoring the other three. This holds for all

images in the map. It would suffice to compare the new image with a set of key images,

which has the property that every image in the map is either linked to a key image or is a

key image itself.

This is exactly the definition of a Connected Dominating Set (CDS), a concept origi-

nating from graph theory commonly used for broadcasting in large networks (Guha and

Khuller, 1998).

Remember that the topological map can be seen as a graph G = (V, S), in which a

node v ∈ V represents an image and a link (u, v) ∈ S represents that the two images

which correspond to node u and v match. Two linked nodes are also called neighbors of
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5.4 Determining a CDS

each other. A Connected Dominating Set V ′ is defined as follows: the set of nodes in the

Dominating Set V ′ is a proper subset of the original set V , such that every node u in the

original set V is either in the Dominating Set V ′ or linked to a node in V ′:

∀u ∈ V : u ∈ V ′ ∨ ∃v ∈ V ′ : (u, v) ∈ S (5.1)

A Connected Dominating Set V ′ is a dominating set that is also a connected subgraph

of the complete graph G, when combined with the existing links S. This also allows

efficient path planning and robot navigation to be performed, using the nodes in the

CDS.

The problem now is to find a CDS with the minimal number of nodes to compare as

few images as possible. Such a CDS is called a minimal CDS. Note that a graph could

have multiple minimal CDSs, for which we have to find one. This task is, however,

known to be NP-complete. Fortunately, algorithms exist that can find a good approxi-

mation and have a computational complexity in the order of the number of nodes of the

graph (Guha and Khuller, 1998). Most of these algorithms first remove links to make a

spanning tree with as many leaves as possible and then define the set of all non-leaves as

the approximate minimal CDS. In the next section, we describe the algorithm used in the

experiments.

5.4 Determining a CDS

In Guha and Khuller (1998) a number of algorithms are proposed that find a CDS with

close to the minimum number of nodes using computation time in the order of the number

of nodes in the graph. We first describe how this algorithm works conceptually and then

give a detailed explanation of its implementation.

5.4.1 Approximation algorithm

We focus on one of them, which we name the “GuhaCDS” algorithm2. We slightly mod-

ify the original algorithm so that it can cope with disconnected graphs. This modification

is needed, because in rare occasions the graph is not connected. Usually, this is caused

by a single image that did not match any other image, for example, because the view of

the camera was blocked by persons walking near the robot.

We explain the GuhaCDS algorithm, using a small example graph shown in Figure 5.2

and a simple coloring scheme:

1. color every node of the graph white (Figure 5.2(a));

2. choose a white node with the highest number of neighbors;

3. color this node black and color all white neighboring nodes gray (Figure 5.2(b));

4. choose a gray node that has the most links leading to white nodes (node 2 in Fig-

ure 5.2(c));

2This algorithm is called “Algorithm 1” in Guha and Khuller (1998).
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Figure 5.2: A simple example describing the approximation algorithm.
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Figure 5.3: A more involved example graph describing the CDS implementation. See the

text for an explanation.

5. if no such gray node exists, go to 2;

6. go to 3 until there is no white node left;

7. the black nodes now compose the Connected Dominating Set (Figure 5.2(d)).

Naively implementing this algorithm will result in a computation time that is quadratic

or even cubic in the number of nodes. However, it allows for an implementation with

linear complexity as explained in the next section.

5.4.2 Efficient implementation

In Guha and Khuller (1998) one can find an explanation of how the GuhaCDS algorithm

can be implemented to use an amount of computation time linear in the number of nodes.

This is done by using a datastructure that maintains the number of white neighbors for
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Figure 5.4: The evolving datastructure for the example describing the CDS implementa-

tion. See the text for an explanation.

each gray node. The datastructure is implemented as an array of doubly linked lists,

where each list contains gray node indices with the same number of white nodes.

As with the algorithm itself, we explain this technique using an example graph shown

in Figure 5.3. The changes in the datastructure are shown in Figure 5.4. We use a graph

of 13 nodes with some links. At a certain point, node 0 is colored black (Figure 5.3(a))

and thus neighboring nodes {1,2,3,4} are colored gray. The datastructure then contains

an array of 3 doubly linked lists, one for gray nodes with 1 white neighbor, one for 2

white neighbors and one for 3 white neighbors (see Figure 5.4(a)). In the next time

step, the gray node with the most white neighbors is picked. This amounts to picking

one of the nodes in the last list of the data structure. In this example, this is node 2.

Node 2 is colored black and all its white neighbors are colored gray (Figure 5.3(b)).

The datastructure is then updated accordingly. First node 2 is removed, because it is

no longer gray, and nodes 1 and 3 are removed from the datastructure, because all their

white neighbors are now gray (Figure 5.4(b)). Node 4 is moved to a different list because

it has lost one white neighbor. Then the new gray nodes that have white neighbors are

added to the datastructure (Figure 5.4(c)).

Because the datastructure is implemented as an array of doubly linked lists, all adding

and removing operations can be performed in constant time. Actually, being perhaps

overly specific, the operations are performed in amortized constant time, because the

growing array occasionally needs to be relocated in memory. The number of changes

needed is a function of the number of gray nodes and the average number of links between

the nodes. Thus, the computation time for one time step does not depend on the total

number of nodes in the graph. To search for neighboring gray nodes in the datastructure,

we maintain an extra array. This array keeps the number of white neighbors for every

gray node, so we know in which of the lists to search. To speed this up even further,

an array of pointers could be added for each node that points to the specific node in the

datastructure.
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Figure 5.5: Comparison of the size of the CDS for different algorithms. The histogram

indicates the mean value and the error bars indicate the standard deviation for

100 random graphs.

5.4.3 Discussion

A variant of the GuhaCDS algorithm is proposed in Guha and Khuller (1998) which

we call the “Greedy GuhaCDS” algorithm3. Although this algorithm is slightly more

involved, it has the advantage that an upper bound is given for the number of nodes of

the CDS it computes.

The Greedy GuhaCDS is based on the approach as the GuhaCDS algorithm, but in-

stead of coloring one node black per iteration, it sometimes colors two nodes black, look-

ing one node ahead. This is accomplished by replacing steps 3 and 4 by the following

steps:

3a. color the chosen node or the two chosen nodes black and color all white neighbor-

ing nodes gray;

4a. choose a gray node or a gray node and neighboring white node, which ever results

in the most new gray nodes.

However, the existence of an upper bound for the number of nodes of the CDS does

not guarantee that the number of nodes is lower than the simpler GuhaCDS method.

In practice this indeed seems not the case. We applied the algorithms including the

efficient implementation of GuhaCDS to a set of randomly created graphs. The graphs

consisted of a 400 nodes and 1000 links. In Figure 5.5, the average size and standard

deviation is shown for the different algorithms. The naive and efficient implementations

of GuhaCDS are not significantly different. The Greedy GuhaCDS, however, resulted

in larger CDSs. To see the increase in efficiency of the efficient implementation of the

GuhaCDS algorithm, see Figure 5.6.

3This algorithm is called the “Modified Greedy Algorithm” in Guha and Khuller (1998).
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Figure 5.6: Comparison of the computation time used by the different algorithms. The

histogram indicates the mean value and the error bars indicate the standard

deviation for 100 random graphs.

5.5 Solving localization and mapping

From an existing view-based map, we can now compute a set of key images. This set can

directly be used for a coarse localization, by comparing a newly captured image with the

images in the CDS and using the matching CDS nodes as the topological localization.

This scheme can also form the basis for an incremental mapping scheme which adds

images to a growing map. New links are added to the map from new images to matching

images that are already in the map. In this section, we propose methods based on the CDS

algorithm for a fine-grained localization method and an incremental mapping system.

5.5.1 Hierarchical fine localization

Localization in a view-based topological map was defined as finding those nodes in the

graph for which the image matches newly acquired images. By matching a new image

with the set of CDS images, we can already find some of theses matches, which would

result in a coarse localization. However, sometimes a more fine-grained localization is

required, involving more matching images. The matching CDS images indicate where to

look for those additional matching images

To determine as many matching image pairs as possible, the new image is compared

with all the images that are linked to matching CDS images. Going back to the example

given in Figure 5.1: If image A was in the CDS and matched the new image, then images

B, C and D are also compared to the new image. See Algorithm 3 for an overview of

the complete localization method.
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5 Data association using connected dominating sets

Algorithm 3 Hierarchical fine localization

localization L = ({})
Take a new image Ic

V ′ = computeCDS(G)

for all CDS nodes v′ in V ′ do

if match(Iv′ , Ic) then

Add match: L← {L, v′}
end if

end for

for all nodes v in V do

if node v links to a matching CDS node v′ ∈ L: (v, v′) ∈ S then

if match(Iv, Ic) then

Add match: L← {L, v}
end if

end if

end for

5.5.2 Incremental mapping

The CDS algorithm can also be used for an incremental topological mapping method. For

each newly acquired image, a node is added to the map. The fine-grained localization

method is then performed for the new image and links are added from the new node to

the found nodes.

This scheme can be used to incrementally map a complete environment repeating the

process for each new image. It can, however, be improved by assuming that images are

acquired in a sequence. This is often the case in robot mapping scenarios, as explained in

Section 2.3. Each new image is usually similar to the previously acquired image. Thus,

there is a relatively high chance that it also matches images that matched this previous

image. Therefore, we modify the localization step not only to compare it with images that

are linked to matching CDS images, but also those linked to CDS images that matched

the previously taken image. Pilot experiments have shown that this results in an increase

of (on average) 9% of image comparisons. In Algorithm 4, an overview of the complete

incremental mapping method is given that uses this modification of the localization step.

Note that the mapping method determines a new CDS for each newly acquired image

that best represents the set of images at that moment. This is needed because the minimal

CDS can change considerably after adding a new node. It can even lead to a decrease

in the number of CDS nodes, because newly added images can potentially represent a

much larger set of images than the images taken previously. The incremental mapping

methods could be improved by modifying the GuhaCDS algorithm to take advantage of

the previously computed CDS. This is not considered in this thesis, since the computation

time of the efficient CDS implementation was negligible.

94



5.6 Experiment: view-based localization using real data

Algorithm 4 Incremental hierarchical mapping

graph G = (V, S) = ({}, {})
repeat

Take a new image Ic

Add current node c to graph V ← {V, c}
V ′ = computeCDS(G)

for all CDS nodes v′ in V ′ do

if match(Iv′ , Ic) then

Add link: S ← {S, (v′, c)}
end if

end for

for all nodes v in V do

if there is a node v′ ∈ V ′ that links to v: (v, v′) ∈ S
and links to c or p: (v′, c) ∈ S ∨ (v′, p) ∈ S then

if match(Iv, Ic) then

Add link: S ← {S, (v, c)}
end if

end if

end for

Current node becomes previous node: p← c
until end of mapping

5.6 Experiment: view-based localization using real

data

The developed localization method based on the CDS algorithm can be used to perform

a robot localization on a topological map given a new image. To evaluate the method,

we use the image datasets described in Appendix A. The developed method is compared

to other view-based localization schemes for both the coarse localization task and the

fine-grained localization task.

5.6.1 Aim of the experiment

The CDS method finds images in a large view-based topological map that match with a

new image, without comparing the new image with every image in that map. Comparing

an image with all images is called “full” localization. One of the main goals of this

experiment is thus determining the speed up of the CDS method as compared to full

localization.

Because the CDS method does not compare all images with the new image it could be

that some actually matching images are not found. This results in a failure to localize the

robot. Thus, a second goal is determining the accuracy loss of localization when using

the more efficient method. This accuracy depends on the distribution of the CDS nodes in

the graph. A good representative set of images would consist of relatively more images

from parts of the map that are more difficult to match.
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5 Data association using connected dominating sets

As we have seen in Section 5.1 and Chapter 2, other methods exist to pick a set of key

images. We also compare the CDS method with some of these approaches.

5.6.2 Evaluation measures

For evaluation purposes, we need to measure the speed-up of the proposed localization

method with respect to the exhaustive localization scheme, as well as the accuracy of

localization.

The computation time spent by any view-based topological localization scheme is

highly dependent on the used image comparison measure. However, in this chapter

we treat the algorithm to compute this comparison measure as a black box and assume

that every image comparison costs a fixed amount of time. The speed-up of an efficient

method with respect to comparing all images in the map is defined by the ratio of number

of performed images comparisons:

speed-up
loc

=

(
nmap

#comparisons
− 1

)
× 100%, (5.2)

where nmap is the number of images in the map.

For the coarse localization task, it is necessary to find at least one image in the map

that matches a new image. This can either fail or succeed. The percentage of success for

a number of coarse localization runs is defined as the “coarse localization accuracy”:

coarse localization accuracy =
#tests in which a match was found

#tests
× 100% (5.3)

For fine-grained localization, the accuracy is measured by the average number of found

image matches as compared to the total number of matches found by the full localization:

fine localization accuracy =
#found matches

#matches from full localization
× 100% (5.4)

5.6.3 Data

Experiments are carried out on the challenging data sets acquired in the real home envi-

ronments described in Appendix A. To evaluate localization, we need to obtain topolog-

ical view-based maps and new images taken in the same environment. This is achieved

using a leave-one-out approach. From an image set, one image is taken for localization

and the remaining images are used to build a topological map. Localization on this map is

then performed using the left out image. This scheme is then repeated for all the images

in the data set.

As we know there are various approaches to building a topological view-based map.

In this experiment, we simply compare all the images of a set with each other and create

a link for matching images. In the next section, we will explore the more efficient map

building method based on the CDS.

For the map building process and the localization method, we need to define an im-

age comparison measure. The CDS data association scheme can be combined with any

96



5.6 Experiment: view-based localization using real data

image comparison technique. In the experiments in this chapter, we use a straightfor-

ward method based on corresponding local image features and imposing the epipolar

constraint as described in Section 2.2. We now repeat this description briefly.

First, a set of point correspondences is found similar to experiments described in Sec-

tion 3.7. The omnidirectional images are mapped to panoramic images (Bunschoten,

2003), from which feature points are found using the Scale Invariant Feature Transform

(SIFT) (Lowe, 2004). Features are described by the standard SIFT descriptor of 128 di-

mensions. Point correspondences between two images are determined by applying the

standard matching scheme as described in (Lowe, 2004).

Second, the relative robot pose is computed from these correspondences, using a state

of art method, explained in Section 3.5. Two images match if the number of point corre-

spondences that fit this pose, divided by the lowest number of features found in the two

images, is larger than a certain threshold. Pilot studies in an office environment with a

threshold of 0.1 resulted in a lot of good matches and no false matches.

The resulting topological maps are visualized in Figure 5.7 as connectivity graphs,

linking the matching images and using hand corrected odometry and GPS information

for the position of the image-nodes. Note, however, that the odometry information is not

used by the proposed method. As can be seen, for all datasets, a lot of images matched.

Figure 5.8 visualizes the resulting graphs of the Almere 4 set as a connectivity matrix,

which shows more clearly the loop closing image matches by the off-diagonal non-zero

values.

We highlight some of the characteristic parts of the home environments as depicted

in Figure A.2 and discussed in Appendix A. In the connectivity graphs (Figure 5.7),

the robot positions of the example images are visualized with a “D”, for images that are

difficult to match, and an “E”, for images that are easy to match.

5.6.4 Results: distribution of CDS nodes

The CDS algorithm is applied to the three datasets using the leave-one-out method. The

resources used by the algorithm are negligibly small compared to the time needed for

actually comparing images. For all the datasets, the computation time was always smaller

than 10 ms.

In Table 5.1 the number of CDS nodes is given averaged over the different runs. For

typical runs, we show in Figure 5.7 the distribution of the key nodes in the maps. One

can see that relatively more key images were picked in the neighborhood of the difficult

images close to images labeled with a “D”, than parts of the environment where good

images were acquired close to images labeled with an “E”.

5.6.5 Results: comparison with exhaustive localization

In Table 5.1, the average speed-up and accuracy for both the coarse and fine localization

are shown. For all datasets, the accuracy is not 100%. This means that some of the

images from the dataset did not match any of the CDS nodes based on the remaining

images. For the Spaan 1 this was the case for 12 images. In Figure 5.9, the position of

these images in the map is shown. In general, they were taken at the geometrical border
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E
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(a) Almere 4
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(b) Spaan 1
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Figure 5.7: The topological view-based maps visualized as connectivity graphs. The

positions of the nodes were determined using the ground truth data. Each

printed line represents a link between the nodes. The nodes themselves are

actually not shown to prevent the figures from getting cluttered. Circles de-

note the nodes that are in the final CDS. The nodes indicated by a “D” corre-

spond to example images that are difficult to match, plotted in the left column

of Figure A.2. Nodes indicated by an “E” are easy to match and plotted in

the right column.

98
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 0

 500

 1000

 1500

 2000

 0  500  1000  1500  2000

Traverse visited path
in other direction

E

D

Loop closing

(a) Almere 4

Figure 5.8: The topological view-based maps visualized as connectivity matrix of the

Almere 4 set. Image pairs with a higher similarity values are represented with

darker pixels. The entries on the main diagonals are the result of matching

sequential images, while the off-diagonal entries reflect instances of loop-

closing.The “D” and “E” again indicate the difficult and easy images shown

in Figure A.2.

Table 5.1: Speed-up and accuracy of the CDS-based localization methods for the real

home datasets.

Almere 4 Spaan 1 Biron 1

# images 2071 1436 1674

# cds-nodes 88.0 65.0 161.0

coarse localization
% speed-up 2251.7 2109.1 939.1

% accuracy 99.7 99.2 95.0

fine localization

% speed-up 1059.1 940.4 637.4

% accuracy 95.2 92.6 81.2
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5 Data association using connected dominating sets

Figure 5.9: The location of images that could not be used for localization in the topolog-

ical map of the Spaan 1 data set.

of the map or at places where the robot took a turn resulting in severe motion blur (see

Figure 5.10).

5.6.6 Results: comparison with other sampling methods

We compared the proposed method with other methods to pick key images. This was

done only for the Spaan 1 dataset. To make the comparison as fair as possible, we set the

sampling density for each method such that the average number of key images was about

65. This is similar to the number of CDS images (see Table 5.1). Thus the speed-up

of coarse localization is more or less equal among the methods. The following methods

were used:

Random picks 65 images randomly from the image set.

Position uses the odometry measurements to sample over displacements of the robot.

Time samples images over time.

In Table 5.2, the results are shown for both coarse and fine localization using the

different methods for the Spaan 1 set.
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5.7 Experiment: mapping using real data

Figure 5.10: Example image from the Spaan data set that has severe motion blur. This is

one of the 12 images that was not localized by the CDS-based localization

method.

Table 5.2: Comparison of the speed-up and accuracy of localization combined with dif-

ferent sampling methods applied to the Spaan 1 dataset.

Random Position Time CDS

coarse localization
% speed-up 2107.7 2041.8 2107.7 2109.1

% accuracy 83.7 90.8 96.4 99.2

fine localization

% speed-up 1150.3 1011.8 998.1 940.4

% accuracy 72.5 82.7 87.0 92.6

5.7 Experiment: mapping using real data

In addition, to localization the CDS algorithm was used to define a new view-based

mapping method. This is summarized in Algorithm 4. This method is applied to the

real home datasets. The resulting maps are compared with both maps resulting from

exhaustive comparing images and maps based on other sampling.

5.7.1 Aim

The aim of the proposed mapping method is to reduce the computation time spent on

mapping, while still finding approximately the same map as found when exhaustively

comparing images. However, we have seen in the localization experiment that fine local-

ization does not find 100% of all the matching images in the map. The proposed mapping

method is based on the same CDS algorithm. Thus, for each image that is added to the

map, the mapping method will miss some of the matches.

In general, the number of nodes the CDS will increase, while the robot is mapping.

As a direct result the number of image comparisons will also increase. If, however,

images are added that look similar to images that are already mapped, the size of the

CDS should stay more or less constant. We test this with an additional dataset, where the

robot traverses the same route through the environment twice.

In this experiment, we evaluate the computational speed-up of the proposed mapping

method and compare the resulting map to a map that results from comparing all images

(as used in the localization experiment).
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Figure 5.11: Ground floor maps of the Robot Lab environment. The trajectory of the

robot is indicated by the black line. The position of the furniture and walls

is approximate.

The incremental mapping scheme can also be combined with other sampling tech-

niques which were described in the localization experiment. We compare the resulting

maps using these different techniques with the one resulting from the CDS-based ap-

proach.

5.7.2 Evaluation measures

Again, the methods are evaluated base on the speed-up and the accuracy as compared

to an exhaustive matching scheme. The accuracy is defined as in Section 5.6.2 and the

speed-up is defined as:

speed-up
map

=

( 1
2nmap(nmap − 1)

#comparisons
− 1

)
× 100%, (5.5)

with nmap again the number of images in the map.

5.7.3 Data

The mapping methods are applied to the real home datasets using the same image sim-

ilarity measure as used in the localization experiment, see Section 5.6.3. In addition, a

dataset is used in which the robot traversed the same route twice, which we name the

“Robot Lab” set. This dataset was acquired in the university building using the same

robot and vision system as used for the Almere 4 and Spaan 1 datasets. See Figure 5.11
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5.7 Experiment: mapping using real data

Figure 5.12: The topological view-based map of the Robot Lab, visualized in a similar

manner as the real home maps in Figure 5.7.

(a) (b)

Figure 5.13: Two example images from the Robot Lab set.
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Table 5.3: Speed-up and accuracy of the CDS-based mapping method for the real home

datasets and the Robot Lab dataset.

Almere 4 Spaan 1 Biron 1 Robot lab

mapping
% speed-up 997.5 948.2 720.6 759.8

% accuracy 96.2 96.9 89.7 98.4

for a drawing of the environment and the path that the robot took. As can be seen, the

robot drove the same loop in the environment twice. In Figure 5.12, the graph resulting

from exhaustive image comparison is shown. In Figure 5.13, two typical images from

the data set are layed out.

5.7.4 Results: comparison with exhaustive mapping

The proposed incremental mapping method based on the CDS algorithm is applied to

the four datasets. The connectivity graphs and connectivity matrices of the resulting

view-based maps are visually indiscernible from the ones computed using the exhaustive

method. They are therefore omitted. In Table 5.3, the speed-up and accuracy of the

CDS-based method are given. As can be seen, for most datasets the CDS-based method

is about 10 times faster than the exhaustive method resulting in only 2 to 4% fewer links.

The Biron 1 set, however, proves more difficult. This is most probably due to the false

image matches, which misleadingly raise the number of links that exhaustive method

finds.

5.7.5 Results: comparison with other sampling methods

We also combined the incremental mapping scheme with the other sampling methods

that were used in the localization experiment. They were applied to the Spaan 1 dataset.

To make the comparison as fair as possible, we set the sampling density for each method

such that the number of images-pairs that is compared is more or equal to the number of

image-pairs compared by the CDS method. Thus, the CDS method will use less or equal

the amount of computation time. This resulted in somewhat different sampling densities

than used in the localization experiment:

Random During each iteration, a new set is chosen with an average number of images

equal to .063 times the number of images in the map.

Position After each 43 cm, an image is added to the set of key images.

Time After each 3.8 seconds, a mapped image is added to the set of key images.

In Table 5.4, the accuracy of all methods is shown. Note that experiment was per-

formed such that the speed-up is more or less the equal, and therefore omitted from the

table. On top of this, the number of key images that was computed when adding the last

image is given.
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5.7 Experiment: mapping using real data

Table 5.4: Comparison of the accuracy of mapping combined with different sampling

methods applied to the Spaan 1 dataset.

method final # key images % accuracy

Random 92 71.0

Position 82 82.9

Time 77 85.0

CDS 65 96.9
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Figure 5.14: The number of nodes in the CDS, while the map of the Robot Lab is grow-

ing. The vertical dashed line indicates the beginning of the second traversal

of the same loop.

5.7.6 Results: revisiting places

During mapping the environment, more and more images are added to the map and thus

the size of the set of key images grows. This is depicted in Figure 5.14. At image 1020,

the robot had finished its first loop in the environment with a CDS size of 39 images.

During the second traversal of the loop, new images were matched with images taken in

the previous loop. This way the robot created links between these images as shown in

Figure 5.12. Because of these links only a few extra nodes were added to the CDS during

this second loop resulting in a total of 44 nodes in the final CDS (which are indicated in

Figure 5.12).

Note that the set of 44 key images of the final map are not composed of the 39 key

images of the first loop and 5 extra images of the second loop. The best set of key

images is determined for each new image that is added to the map. Images of the second

loop might better represent images taken of a particular part of the environment, making
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Figure 5.15: The number of performed image comparisons, while building the map. For

exhaustive mapping the number of comparisons grows linearly with the size

of the map. For the CDS-based mapping, it grows much slower. The fluc-

tuations in the graph of the CDS are mostly caused by the variable speed of

the robot. When the robot is moving slowly, then relatively many images

will match.

images of the first loop redundant. In the Robot Lab set the final CDS is composed of 11
images of the first loop and 33 of the second loop.

Figure 5.14 also shows that in some occasions the number of nodes in the CDS de-

creases. This happens when a new image is added which matches already mapped images

that did not match each other. This indicates that new images can represent an existing

set of images better than the previous key images taken from the set.

Figure 5.15 shows the number of image comparisons performed while the robot is

mapping the Robot Lab set. The other datasets resulted in similar plots. As can be seen,

the number of comparisons for the exhaustive data association scheme increases linearly

with the number of images in the map. The number of comparisons performed by the

CDS method barely increases.

5.8 Conclusion

In this chapter we proposed efficient localization and mapping methods for view-based

topological maps. Our approach is based on the fact that we consider only a selection of

the previously acquired images for matching new images. The selected set of represen-

tative images covers the complete set of previously acquired images. We can efficiently

detect loops in the trajectory of the robot. We have shown that the problem of find-

ing the minimal number of key images is equivalent to finding the smallest Connected

Dominating Set (CDS).

The experimental results show that our method leads to a more efficient distribution
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5.8 Conclusion

of key images. From areas in the environment that are harder to match, for example,

because of bad lighting conditions, more images are picked. In this way, loop closure is

much more robust, even if it occurs in such an area.

The CDS method is built in a hierarchical data association scheme that incrementally

builds a map without using any prior knowledge about the environment. The set of

representative images is dynamic. After each newly acquired image, a CDS is determined

that best represents the set of images at that moment.

The method is applied to the challenging datasets acquired in home environments. In

all datasets, our method finds approximately the same map as is formed in the “full” case

that compares all image pairs. However, only 13% of the computation time is used.

Our method outperforms other known sampling techniques, which find larger sets of

key images, but fewer matching image pairs, in the same amount of computation time.

Our method finds 97% of the matches that were found with a “full” method while position

and time-based methods found less than 85%.

Although the CDS method was used stand alone during the experiments, it could just

as well be merged with other sampling techniques. For example, it could use the navi-

gation prior of a geometric mapping method as explained in Section 2.4.3. Furthermore,

the efficiency of the CDS method could be even further improved by additionally using

a more efficient image similarity method like the recently proposed hierarchical meth-

ods (Sivic and Zisserman, 2003) or a bag-of-words (Cummins and Newman, 2008) as

described in Section 2.2

In the experiments, we used image sets in the order of a few 1000 images. For such

dataset sizes, exhaustive data association used for evaluation is still possible, though time

consuming. Using the CDS method datasets can scale up by a factor of 10. In Esteban

et al. (2008) we used a SLAM system to build a map with more than 10,000 images,

implicitly using the CDS method for data association.

If even larger maps need to be constructed, then it would perhaps be beneficial to re-

duce the number of images in the map. The question then is which images are redundant

and can be removed, without changing the map too much. An answer in line with the

reasoning in this chapter, is that we should define redundancy as images that look very

similar to other images in the map.
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