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2 Mapping based on images: an

overview

This chapter gives an overview of the field of view-based mapping and describes a gen-

eral framework for a view-based mapping system used in the rest of this thesis. As we

will see, most view-based mapping systems directly or indirectly base the existence of

a link between two images on some form of relative pose estimation. In addition, most

mapping systems use topological and robot pose information while mapping.

2.1 Introduction

The problem of view-based incremental mapping, or simply mapping, can broadly be

defined as trying to build and maintain a spatial representation, or map, of the envi-

ronment while gathering sensor input including new images (Thrun, 2002; Bailey and

Durrant-Whyte, 2006; Newman and Ho, 2005). The quality of such a view-based map

is partly defined by its intended use. This could be goal-directed navigation, measuring

distances, human robot interaction or - as often is the case - a combination of the three.

Nevertheless, we can specify two requirements that are universal.

In the first place, the computational cost should be such that the procedure can run

in real time on the robot while it is driving through the environment. Because modern

robots and computers have a lot of memory and storage space, the main bottleneck is

usually the required computation time.

In the second place, mapping methods should build consistent maps. It is difficult to

properly define this second requirement. The idea is that images taken at very different

places in the environment should not be close together, or linked, in the map. Vice versa,

images shot from more or less the same position viewing more or less the same structures

of the environment should be linked or placed close to each other. Anati and Daniilidis

(2009) denoted these two concepts “spatial distinctiveness” and “compactness”.

During the mapping process, the robot sequentially collects images. Each time the

robot takes a new image, it should try to improve the map. The task of determining to

which parts of the map a new image belongs, is known as data association (Bailey and

Durrant-Whyte, 2006). For view-based mapping approaches, data association involves

comparing the new image with previously acquired images that are already in the map. In

Section 2.2, we give an overview of the different methods commonly used for comparing

pairs of images.

What makes the mapping application interesting is the fact that a previously visited

part of the environment can be revisited. If this is detected by the mapping algorithm,

then it is called a loop closure. These detections are essential for a useful map, because

they allow to plan new routes through the environment, which are distinct from the route
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2 Mapping based on images: an overview

already traversed by the robot.

It could also be that two different, spatially distinct, parts of the environment look

alike, possibly resulting in a false loop closure. In view-based mapping, such phenomena

are known as visual aliasing or image aliasing. Visual aliasing is usually catastrophic for

the map, because it creates false links in the map. These links are sometimes called

“worm holes” (Olson, 2008) and seem very useful for traveling directly from one end of

the environment to the other. There is clearly a trade off between finding all loop closures

and avoiding visual aliasing.

To limit the computational resources and avoid visual aliasing, mapping systems can

take advantage of the sequential characteristic of the incoming sensor data and the infor-

mation contained in the growing map . This can, for example, be achieved by only com-

paring to a subset of the images, called key images. There are methods that do this, using

only topological information of the map built so far. This is described in Section 2.3.

Mapping methods that also estimate and maintain the geometric robot trajectory in the

map, have the ability to use relative pose information to help solve the data association

problem. This is described in Section 2.4.

2.2 Methods for comparing images

Data association is a fundamental task in view-based mapping and in its core is usually

an image similarity function that compares images. Given two images Ii and Ij , its

aim is to determine how similar they are. This is expressed by some similarity value

Sij = S(Ii, Ij). Commonly, this similarity value is derived from a dissimilarity value

Dij . In this chapter, we sometimes assume that this dissimilarity value is also available.

The common assumption is that if two images look similar, then there is a high chance

that they partly depict the same structures of the environment. Thus, they should be

linked in the map. The question is how to define similarity in images and how to measure

it. Various answers are found in the field of computer vision or, more specifically, in the

field of content-based image retrieval (Datta et al., 2008; Smeulders et al., 2000). In

content-based image retrieval, the problem of finding images that depict the same part of

the environment is called place recognition (Torralba et al., 2003; Konolige and Bowman,

2009). As we have mentioned in Chapter 1, the aim of place recognition is to find images

that have the same semantic label. Take, for instance “Kitchen”.

For maps aimed at goal-directed navigation or 3D reconstruction, we want a more

specific requirement for the image similarity measure. Namely, two images are similar

if we can determine some local geometrical information relating them. In the following

part, we describe the problems faced when defining an image similarity measure and we

give an overview of the different (dis)similarity measures used in existing view-based

localization and view-based mapping methods.

2.2.1 Invariance vs specificity

Images can contain a lot of information about the environment. However, the raw pixel

values of two images depicting the same structures of the environment are usually very

different. On the one hand, this difference is caused by changing conditions of the envi-
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2.2 Methods for comparing images

ronment, such as a changing illumination, displaced furniture and dynamic objects and

people. On the other hand, images are influenced by changes of the measurement system

itself, such as noise of the image sensor, a changing auto gain and different camera pose.

A similarity measure should be invariant or mostly invariant to these changing condi-

tions, while being specific for the structures of the environment that are depicted in the

images. Methods to reach such invariance can be roughly divided into two approaches.

A straightforward approach is to determine from each image a set of image features

which are invariant to each condition. For example, to reach invariance for the changing

color of the light source one can use only the light intensity of each pixel and discard the

chrominance by converting color images to gray scale (Lowe, 1999).

A more involved approach to reach invariance to a certain condition is to explicitly

measure its value from each image and take it into account when comparing images. An

example is described in Pollefeys et al. (2008), where the gain factor of the camera is es-

timated for each of the images. When comparing two images, the features are normalized

using the specific estimated gain factors.

As we shall see in the next sections, most image comparison methods used in existing

view-based mapping systems use the straightforward approach for most changing condi-

tions. They determine a set of invariant image features for each image. However, this is

not the case for the changing camera pose. The relative camera pose between two images

is usually explicitly estimated, based on the extracted image features. When determining

the image similarity, this estimated pose is used to compensate for the variation in the

feature sets that resulted from the change in camera pose. This special treatment of the

camera pose, reveals the implicit assumption that for view-based mapping most of the

variation in the images can be explained by the difference in camera pose.

2.2.2 Image features

Most, if not all, image comparison methods first try to determine some quantitative fea-

tures that are specific for the structures - such as textured walls and objects - as depicted

in the images and invariant or mostly invariant to other influences. The set of feature

values extracted from an image is known as the feature vector or descriptor. Image

comparison methods can be roughly divided into two groups, depending on the type of

features they use (Murphy et al., 2006). The first approach describes the each image as a

whole, using a fixed length descriptor which is called a global feature. The global feature

is usually constructed such that the Euclidean distance between the descriptors di and dj

of two images i and j defines the image dissimilarity measure:

Dij = ‖di − dj‖ , (2.1)

The second approach first searches for salient regions in the image and describes each

region with a separate descriptor (Harris and Stephens, 1988). A complete image is then

composed of a set of local feature descriptors. The size of this set can be different for

each image. Determining the similarity is then based on finding feature matches, which

can be accomplished in various ways. In the following sections we give examples of

commonly used global and local features.
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2 Mapping based on images: an overview

Global image features

Describing images with global image features and matching pairs of global descriptors

are usually relatively simple procedures compared to using a local features approach.

For example, an image can be described by its average pixel intensity or higher order

moments and Eq.(2.1) can be used to compare these values. Although such a method is

very crude, it costs very little computation time. In Gross and Koenig (2004) and Murillo

et al. (2007) it is used in relatively large view-based mapping applications as a first check

to decide on which image one should apply more sophisticated time consuming methods.

Another simple and efficient method is using color histograms. A well-known study

described in Ulrich and Nourbakhsh (2000) applies them for both indoor and outdoor

view-based localization.

A somewhat more involving approach, is the use of dimension reduction techniques

like Principal Component Analysis (PCA). This is popular for panoramic images. By

treating the raw pixel values of a set of training images as vectors, one can apply PCA to

obtain a number of eigenvectors corresponding to high eigenvalues. These eigenvectors

are known as eigenimages and describe the main variance in the image set. Each newly

acquired image is then projected onto these eigenimages, resulting in a concise descriptor

vector. Examples of robot localization methods using such a dimension reduction scheme

are described in Nayar et al. (1995); Kröse et al. (2001); Jogan and Leonardis (2003).

They are usually combined with methods that estimate the relative rotation of the camera,

as explained in Section 2.2.3. An important characteristic of this approach is that a

training set of images is used to determine the eigenimages. This is problematic when

mapping an unknown environment, but could also be an advantage if a representative set

of images is available. A related approach uses the magnitude coefficients of the Fourier

transform as the global feature descriptor instead of the eigenvalues (Ishiguro and Tsuji,

1996; Menegatti et al., 2004). The advantage of this approach is that, if the robot drove

over a planar surface and took omnidirectional images using a fisheye lens or a convex

mirror, then the descriptor is invariant to the robot rotation.

The main drawback of global features is that they lack invariance against viewpoint

changes. Indeed, most of the methods cited above are applied in relatively simple indoor

office environments. Because mapping methods are nowadays applied in more taxing

environments and more computational power is available, one might think that they are

outdated. However, when they are combined with other sophisticated mapping tech-

niques, they are still very usable. Milford and Wyeth (2008) describe a localization and

mapping system, which is able to build a large outdoor map while using a simple global

feature method to compare images. In this case, the images were described by the sum

of pixel intensities of each image row.

Local image features

Usually, some regions of an image have more visual texture than others. One can take ad-

vantage of this by finding highly textured regions and describing them separately. Each

of these regions is characterized by a certain image point and described using the sur-

rounding pixels. Together these are called a local feature or simply feature. Comparing

two images then entails finding similar local features between the images. This type of

image comparison is popular, because it is more robust against occlusions and changes
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2.2 Methods for comparing images

in lighting than methods based on global features. Building an image descriptor involves

two tasks. First, salient features are detected. Second, feature descriptors have to be built.

There are various point image feature detectors to extract a set of salient features from

images, of which we name the most popular in the field of view-based mapping. A

computationally cheap method is to extract Harris corners (Harris and Stephens, 1988).

These are, however, not invariant for illumination changes and are mainly used in small

scale landmark-based SLAM approaches (Davison et al., 2007) relying highly on the es-

timated landmark positions in the map, or in combination with other more robust features

(Eustice, 2005). Popular robust features are blob-like points such as used in SIFT (Scale

Invariant Feature Transform) (Lowe, 1999) and SURF (Speeded Up Robust Features)

(Bay et al., 2006), which were originally meant for object recognition tasks and are rel-

atively time consuming. At the time of this writing the majority of view-based mapping

methods uses one of these two features. Nevertheless, a more appealing approach to

finding viewpoint invariant features is through tracking local features over a sequence of

images. Points that can be tracked for a certain number of images are bound to be good

for comparing images. There is a lot of literature on tracking simple features such as

the famous KLT tracker (Shi and Tomasi, 1994). However, more sophisticated feature

trackers, such as SURF trackers are, still under development (He et al., 2009).

In order to build descriptors for the extracted feature points, various methods exist. A

simplistic approach is to use the pixel intensities surrounding the salient feature. These

can be compared using the Euclidean distance, known in this context as SSD (Sum of

Squared Differences) or the L1-norm, known as SAD (Sum of Absolute Differences).

Such simple methods are sometimes used in Computer Vision applications (Hartley and

Zisserman, 2003). However, they are not popular in the field of robotics because they

lack robustness against illumination changes. More involved descriptors are based on

particular feature types and even share some of the needed processing steps with the

detectors. This is the case for SIFT and SURF features. When a study claims to use SIFT

features, then both the SIFT detector and the SIFT descriptor is used, unless otherwise

stated. The same holds for SURF features.

The local feature descriptors of different images are compared to find matching fea-

tures. Like global feature descriptors, local feature descriptors are usually designed to

be compared using the Euclidean norm. To find corresponding features between two im-

ages, the distances between all features from one image to the features in the other image

should be found. Two features can then match, if the distance between their descriptor is

smaller than a certain threshold. However, it is more common to correspond each feature

in one image to the nearest neighboring feature in the other image, if the ratio between

the distance of this nearest neighbor and the distance to its second nearest neighbor is

above some threshold, typically set to .8 (Lowe, 1999). In this way, one ensures that the

correspondence is more or less unique.

The image similarity measure is usually based on the percentage of image features that

were matched, as for example set out in Andreasson et al. (2008):

Sij =
Mij

1
2 (Fi + Fj)

, (2.2)

where Mij denotes the number of matches and Fi the number of features found in image

Ii. However, other schemes exist ranging from very simple functions such as Sij = Mij
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2 Mapping based on images: an overview

in Valgren and Lilienthal (2007) to complicated functions such as in A. C. Murillo and

Sagues (2008):

Sij = e
−

1−sij
σS with sij =

1

Mijde + zF + 1
, (2.3)

where de denotes the average Euclidean distance of the feature matches, F the number

of unmatched features, z a constant penalty term and σS the variation of sij for different

images Ij .

An important drawback of comparing local image features is the computation time

used. Typically, one image results in about 103 local features each with a descriptor of

typically 128 byte values. Comparing two images thus results in the order of 108 oper-

ations. A possible solution is to use Approximate Nearest Neighbor algorithms (Arya

et al., 1998) as done by Sim et al. (2005) for landmark-based SLAM and A. C. Murillo

and Sagues (2008) for view-based mapping.

Recently, it has become popular to perform dimension reduction on the descriptors by

quantifying them using a so-called code book. The code book contains a mapping from

descriptor space to a limited number of discrete values called words. Such an approach

is known as the Bag of Words (BoW) approach and originated from the field of natural

language processing (NLP). A set of representative training data is used to construct the

code book. Image comparison is then performed by comparing the specific word counts

of each image. With this efficient comparison technique, maps can be constructed in the

order of 103 images. This is done by Fraundorfer et al. (2007); Konolige and Bowman

(2009); Callmer et al. (2008); Schindler et al. (2007). When using a BoW approach, one

can benefit from the availability of various techniques studied in NLP. An example is

dealing with the interdependencies between different words, used in the popular view-

based mapping framework “FABMAP” (Cummins and Newman, 2008, 2009). FABMAP

can build maps of 105 images.

In addition, there are localization and mapping systems that use line features from

images. This mostly concerns vertical lines, which project to vertical lines in the image

if the robot drives over a planar surface. They are, for example, used in the Fingerprint

method (Lamon et al., 2001) in combination with color information and in Scaramuzza

et al. (2009), where a line descriptor is developed that is similar to the SIFT-descriptor

for point features.

2.2.3 Using local geometric information

As we have mentioned in Section 2.2.1, most view-based mapping systems estimate

the relative camera pose from the images in order to determine the image similarity.

In this section we give an overview of the specific methods used in existing mapping

systems. The general approach can be described as follows. First an image similarity

measure is defined on the basis of the existing feature matches as found using one of the

discussed feature extraction methods. The resulting similarity usually depends greatly

on the particular poses of the camera. The image or the extracted features can be shifted

or changed to compensate for different relative camera poses. This is performed for a

subset of possible poses and the image similarity value is determined. The highest value

is then taken as the final image similarity:
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Figure 2.1: Abstract graph clarifying the relation between the estimated relative cam-

era pose and the determined image similarity. The horizontal axis represent

all possible relative poses and the vertical axis the image similarity measure

S (Ii, T r(Ij)) (see Eq. 2.4). The maximum of the function indicates both the

best fit relative pose and a measure of the image similarity.

Sij = max
Tr

S (Ii, T r(Ij)) , (2.4)

where Tr(Ij) denotes the changed image Ij given the pose Tr. The idea is that the

pose Tr that maximizes the function corresponds to the actual relative camera pose, thus

removing all the variance in the images that was due to the different camera pose:

T̂ rij = arg max
Tr

S (Ii, T r(Ij)) . (2.5)

See Figure 2.1 for a graphical representation of the relation between the image similarity

measure and the relative pose.

An important consequence is that the resulting image similarity measure reflects how

well local geometrical information can be extracted from the images. This is useful for

goal-directed navigation or global geometric map building, as introduced in Chapter 1.

In the following part, we discuss the specific techniques that are used for both global and

local image features.

Geometric information for global image features

Global feature comparison techniques are mainly used for robots that move over a planar

surface, which makes it easier to estimate the relative pose. In addition, most methods

make the implicit assumption that the shift in appearance can be mostly explained by

a camera rotation around the vertical axis. Estimating this rotation requires finding the

horizontal shift of the images that maximizes the similarity between them.

For PCA-based image comparison, this can be readily performed by shifting the eigen-

images horizontally, for example done by Jogan and Leonardis (2003). For rotation in-

variant features, such as color moments, the image can be horizontally segmented into
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Figure 2.2: Top view of three numbered objects that are projected on the image planes

of two cameras. (a) As can be seen for different camera positions the relative

position of the projected objects is not preserved, that is: the left camera sees

object 2 and 3 relatively close to each other, but the right camera sees 1 and 2

closer. For this object configuration, however, the order is the same for both

viewpoints. (b) For general object configurations neither the relative position

nor the order is preserved: the left camera sees 1-2-3, while the right camera

sees 2-1-3.

vertical rows, which are described separately. Rotation estimation is performed by shift-

ing these rows. Examples of robot localization methods that use such an approach are

described in Gross and Koenig (2004); Sturm and Visser (2009). The RatSLAM system

(Milford and Wyeth, 2008) uses a similar approach in combination with image intensity

information per pixel row and shifting these pixel rows to get the highest similarity.

Geometric information for local image features

Some local feature methods use the same assumption for the relative pose as used by the

global feature methods, in which a 2D rotation is estimated by determining the horizon-

tal shift of local feature correspondences. This is for example used in the view-based

mapping systems FABMAP 2.0 (Cummins and Newman, 2009) and MiniSLAM (An-

dreasson et al., 2008). This assumption does not hold if the camera also translated, as

shown in Figure 2.2(a).

In Lamon et al. (2001) a different type of feature consistency is used. Instead of

assuming only 2D rotation, it is assumed that the robot is moving in a convex space,

e.g. an empty room. Such an assumption does not preserve the relative angles between

observed features, but does preserve their order, as can be seen in Figure 2.2(a). This

approach is commonly used in combination with vertical line features such as described

in Murillo et al. (2007). It is also common in robot homing applications that try to

perform goal-directed navigation given an image taken at the goal position (Franz et al.,

1998; Argyros et al., 2005). In general, for non convex spaces, this assumption does not

hold. This is shown in Figure 2.2(b).

Only a few methods were proposed that do take both rotation and translation into

account, while still enforcing motion over a planar surface (Ortı́n and Montiel, 2001;

Goedemé et al., 2005a). In Scaramuzza et al. (2010) a method is presented that, in

addition to the planar motion constraint, uses automobile vehicle constraints to improve
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2.3 Exploiting topological information

motion estimation.

Most localization and mapping systems do not make assumptions about the structure

of the environment or particular constraints of the robot motion. Both 3D rotation and

3D translation up to scale are estimated from the feature correspondences. This estima-

tion can be performed using various methods developed in the field of Computer Vision

(Kanatani, 1996; Torr and Murray, 1997; Hartley and Zisserman, 2003; Schaffalitzky and

Zisserman, 2002).

The most popular estimation method at the time of this writing combines standard least

squares schemes with the robust RANSAC algorithm (RANdom SAmple Consensus)

(Fischler and Bolles, 1981). This method directly estimates both the relative pose and

the number of correspondences that fit the relative pose. It is used in various recently

proposed mapping systems (Eustice, 2005; Newman et al., 2006; Fraundorfer et al., 2007;

Konolige et al., 2009; Segvic et al., 2009). The same scheme is also popular in the

image retrieval community for the application of place recognition under the term “spatial

verification” (Chum and Matas, 2010; Li et al., 2008; Philbin et al., 2007).

2.2.4 Discussion

We described relevant image comparison methods used in view-based mapping. Al-

though this overview is far from exhaustive, it is clear that there are a lot of different

choices. Unfortunately none of the these can be regarded as the “golden standard”.

The most popular approach is to use SIFT and SURF features in combination with

the Bag of Words approach and a local geometric consistency check. This consistency

check is actually not integrated in the BoW approach, but used more as an ad hoc rule

to find image pairs that wrongly got a high image similarity value. A better integra-

tion of the geometric consistency and appearance similarity would seem to be a logical

improvement.

The geometric consistency check involves estimating the relative camera pose from a

set of feature matches. If this estimation fails, this will result in a low image similarity

value. Thus, most of the used image similarity measures actually try to measure how well

a relative pose can be estimated from two images. This is exactly the definition of a link

between two nodes in a view-based map, as proposed in Chapter 1 and used throughout

this thesis.

2.3 Exploiting topological information

As introduced in Chapter 1, a view-based map can be seen as a graph G = (V,E)
in which a node v ∈ V represents an image and a link (u, v) ∈ E denotes that the

two images corresponding to nodes u and v partly depict the same structures of the

environment. It is straightforward to build such a map, using one of the discussed image

similarity measures. For each new image the robot takes, the similarity is determined

with every image in the map. If this similarity is above a certain preset threshold, then

a link is added to the map. Commonly, the similarity value Sij and possibly some local

geometric information is then stored for each link.
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2 Mapping based on images: an overview

Numerous view-based mapping methods use this straightforward approach (Newman

and Ho, 2005; Ulrich and Nourbakhsh, 2000; Fraundorfer et al., 2007; Konolige and

Bowman, 2009; Callmer et al., 2008; Schindler et al., 2007). However, this approach

leans heavily on the assumption that if two images look similar, then there is a high

chance that they partly depict the same structures. Robustness against visual aliasing

is completely ruled by the robustness of the similarity measure. On top of this, it is

computationally costly because each new image has to be compared with all images in

the map.

The robustness and efficiency can be improved by taking specific properties of the

mapping problem into account. In the following sections, we discuss the two main prop-

erties and how they can be used to improve data association. Images are acquired se-

quentially and previously visited parts of the environment can be revisited.

2.3.1 Image sequences

Images are acquired sequentially while the robot is driving around. This sequential prop-

erty is sometimes directly used to improve mapping by always adding links between

consecutive nodes (Valgren et al., 2007; Konolige and Bowman, 2009). These links are

sometimes called “weak links”, as opposed to the links that are found by comparing im-

ages which are called “strong links” (Lu and Milios, 1997). The sequential property also

results in a dependency of the features extracted from images taken close to each other

in time. If one uses a tracker to identify salient image points, such as the KLT tracker,

this dependency information is used on the image descriptor level. This is, for example,

the case in Eustice (2005). More interesting is to use it on the data association level and

improve both its robustness and speed.

Most large scale mapping methods do this by implicitly reducing the number of images

in the map. This is done by processing only a limited number of images per time step,

like in Ulrich and Nourbakhsh (2000), which uses only one image per second. One could

see this as sampling the images uniformly over time. A similar approach is to process

only a limited number of images per traversed distance, which requires a method for

estimating the displacement. In Sim and Dudek (1999); Jogan and Leonardis (2003) this

is done on the basis of odometry measurements and in Cummins and Newman (2008)

on the basis of GPS readings. Both these approaches have their drawbacks, which are

partly due to the dependency of the consecutive images on the speed of the robot. When

the robot is standing still, captured images usually look similar. A time sampling-based

method puts these almost identical images in the map, which could make data association

unnecessarily slow. A displacement-based method would put only one of these in the

map, not capturing possible dynamic changes in the environment such as illumination

changes.

A better approach is to use the image similarity measure to define when a new image

should be added to the map. For example, by only adding an image if the similarity

with the previously added image drops below some threshold as is done in Konolige and

Bowman (2009). In Kosecká et al. (2005) a more sophisticated approach is set out, in

which a clustering algorithm is used to find groups of consecutive images that look alike,

based on image similarity, and sample one image per cluster for data association.

Another straightforward method to use the sequential property, is to only define a link
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2.3 Exploiting topological information

between two nodes if not only their images are similar, but also the images taken right

before and after have a high similarity value. This is known as smoothing the map and is

commonly used, for example as in Cummins and Newman (2008).

All these methods are relatively easy to implement and at the same time improve data

association considerably. Most of them can also be used in other applications where

images are shot in a sequence, for example when tracking moving objects in video. Other

characteristics, more specific for the localization and mapping application, can also be

used. This will be discussed in the following section.

2.3.2 Loop closing

While a robot is mapping, it usually observes at least some parts of the environment

multiple times. This does not only occur during a loop closing event, but for example also

when the robot is driving back and forth through a corridor. There will be a dependency

between the features extracted from images observing the same part of the environment,

although taken at different visits. Like for the sequentially shot images, this can be used

to make data association faster and more robust.

A commonly used approach groups the set of images of the view-based map into clus-

ters of similar looking images. From each cluster a single key image is then chosen

which is used for data association. This is similar to the method in Kosecká et al. (2005)

discussed earlier, but is not restricted to clusters of sequentially taken images. A question

is how to efficiently solve such a complex clustering problem. A common solution is to

use the normalized graph cut algorithm (J.Shi and J.Malik, 2000) as applied in view-

based mapping (Zivkovic et al., 2005) and in a view-based SLAM method (Rogers and

Christensen, 2009). In Valgren et al. (2007) an incremental clustering algorithm is pro-

posed that clusters the graph while it is growing and uses it for view-based mapping. In

addition, the mapping systems FABMAP and RatSLAM groups images. In FABMAP

(Cummins and Newman, 2008) these groups are called “locations”, which consist of im-

ages that observe the same objects. In RatSLAM (Milford and Wyeth, 2008) these groups

are represented by pose cells, which are inspired on the brain cells a rat uses for mapping

and trained using an associative learning scheme.

In Konolige and Bowman (2009) the problem of revisiting the same places is studied

more thoroughly in the context of lifelong mapping, in which a robot keeps on updating

its map over a long period of time. Images are grouped using a graph clustering method.

In addition, it uses geometrical information removing images that were taken in a vicinity

of 50 centimeters of another image.

In Zhou et al. (2008) a method was proposed that only adds those images to the map

that reduce the amount of uncertainty of the map. In this case, the uncertainty was defined

in a geometrical mapping context, but this could also be generalized for non-geometric

view-based mapping. A drawback of such a method is that once an image is added to the

map, it cannot be replaced by an even more informative image. Vice versa, images that

are not added, could potentially prove to be informative on the basis of future images.
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2.3.3 Discussion

View-based mapping systems can simply be based on one of the many image similarity

measures defined in Section 2.2. However, to improve robustness and efficiency, view-

based mapping systems often use the dependency between sequentially shot images and

images observing the same part of the environment. These types of improvement can

directly use the topological information available in the view-based map.

The most popular method is to first cluster the images in groups based on a graph clus-

tering algorithm, and then pick a single image per cluster for data association. However,

graph clustering is not trivial. It would be worthwhile to investigate if this problem could

also be solved in one step, directly determining a set of key images. This would avoid

solving the, perhaps more difficult, clustering problem.

2.4 Exploiting robot pose information

In addition to topological information, various view-based mapping methods make use of

robot pose estimates when performing data association. It is evident that the probability

that two images depict the same structures of the environment is very dependent on the

relative pose between the two camera poses from which the images were taken. If the

view-based map contains the camera pose for each image in a single coordinate frame

in addition to an estimate of the camera pose of a new image, then these relative poses

can be estimated directly and used to decide which image pairs are more likely to depict

the same structures. The problem is how to obtain these camera poses from the unknown

environment.

A solution is to estimate these poses from the view-based map itself, possibly using

the local geometric information found during image comparison. Each new link between

two nodes in the topological map poses a non-linear geometric constraint for the set of

robot poses. The complete set of links of a view-based map in this context is sometimes

called a constraint map (Konolige, 2005). The problem is to find all the camera poses

that best fit these constraints.

This “geometric” mapping problem has attracted a lot of attention from the robotics

community in the last twenty years, which resulted in an immense amount of literature.

In this section, we give an overview of this field. First, we briefly describe some methods

that base a geometric map solely on the similarity between pairs of images, which is

a type of embedding. Then, we move to the more common method that fuses local

geometric information extracted from the image pairs into a global map, which is the

approach known as view-based SLAM or trajectory SLAM. Finally we explain how the

estimated robot poses are used to improve data association.

2.4.1 Embedding

If images are compared using a global feature approach as described in Section 2.2.2,

then commonly no explicit geometric information is available or, as explained in Sec-

tion 2.2.3, only rotation information is known. However, there is no translation informa-

tion. Thus, it is not that common to estimate camera poses based on an image comparison
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function that uses only global features. Nevertheless, a dissimilarity function does pro-

vide a measure of distance that can be interpreted geometrically. It has been shown in

Verbeek (2004) that by simply applying dimension reduction on a set of images pic-

turing a rotating head one can find a 2 dimensional ordering of the amount of rotation.

Each image was thus embedded in a low dimensional manifold. In a similar fashion, one

can find an ordering of the amount of translation from images taken by a driving robot.

Effectively one is embedding the images in a low dimensional coordinate system.

For example, in Ham et al. (2005); Yairi (2007) PCA-like methods are used to project

the images on a 2D or 3D manifold which gives an indication of the 2D or 3D position of

the robot pose. For small scale environments this is shown to improve position estimates

obtained through odometry. In Menegatti et al. (2004) a spring model was used to find

robot poses that best fit the image dissimilarities which were computed using the distance

between the magnitude components of their Fourier transform.

The method used in the RatSLAM system (Milford and Wyeth, 2008) is also a type of

embedding. Here a non-linear mapping between images and poses is learned using a type

of recurrent neural network model given an image dissimilarity measure based on pixel

intensities. It is shown that with such an approach it is possible to robustly approximate

a very large 2D robot trajectory from images only and use it to improve data association

while mapping.

2.4.2 SLAM

Another, much more popular approach to estimate camera poses is to use the relative

poses as estimated up to scale when comparing image pairs using local features (see Sec-

tion 2.2.3). While the map is growing, new links provide new relative poses which can be

used to re-estimate all robot poses. The estimation problem can, however, not be solved

in closed form because of the non-linearity of the relative pose constraints. This prob-

lem is known as view-based SLAM (Simultaneous Localization And Mapping) (Bailey

and Durrant-Whyte, 2006; Eustice et al., 2006) It is closely related to the well-known

landmark-based SLAM problem (Newman, 1999; Smith et al., 1990), where the position

of landmarks needs to be determined given their projection on the images. Because of

the popularity of the term SLAM, it has also been associated with purely topological

view-based mapping (Milford and Wyeth, 2008; Newman and Ho, 2005; Cummins and

Newman, 2008). In this section, however, SLAM is reserved for the problem of finding

the geometric robot poses or landmark positions from local geometric constraints.

View-based SLAM and landmark-based SLAM can be solved using the same type

of approaches. The traditional approach is based on an Extended Kalman Filter, which

linearizes each new constraint using the latest map estimate and uses that to maintain a

full covariance over all robot poses (Smith et al., 1990). The disadvantage of this method

is the large computational load and memory usage which both grow quadratically with

the number of poses. Eustice et al. (2006) has shown that by maintaining the inverse of

the covariance matrix, called the information matrix, these can be reduced considerably.

The disadvantage is that the uncertainty of the pose estimate is not available, which has

a negative effect on data association as we shall see later (Frese, 2006a).

In recent years, there has been a shift towards non-linear algorithms which are not

based on the Kalman Filter. This is partly driven by advances in the very much related
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Structure from Motion (SfM) problem studied in Computer Vision (Triggs et al., 2000;

Ni et al., 2007). The main difference with SLAM is that SfM is defined as a non-iterative

problem. This resulted in non-iterative methods such as Smoothing And Mapping (Del-

laert and Kaess, 2006) and Multi-level relaxation (Frese et al., 2005), that for each new

image estimates all poses using all local geometric constraints. Later iterative variants of

these algorithms have been proposed, such as in Kaess et al. (2008).

A second source of non-linear SLAM approaches originated from advances in the

study of Graphical Models (Bishop, 2006). Viewing the constraint map as a Bayesian

network model and approximating it using tree like structures, allowed for new iterative

non-linear SLAM methods. Examples are the sophisticated TreeMap algorithm (Frese,

2006b) and the TORO system (Grisetti et al., 2009).

These modern approaches to solving SLAM have been applied in relatively large areas.

However, they depend heavily on successful data association of the previously taken im-

ages. If some visual aliasing is present, the estimation process will often fail catastroph-

ically (Bailey and Durrant-Whyte, 2006). The problem is that these SLAM approaches

are not robust against grossly outlying local geometric constraints. Indeed the results

of the RatSLAM system, which is based on a type of embedding and not the SLAM

methods discussed here, are unprecedented.

2.4.3 Gating

The estimate of the poses determined by the embedding or the SLAM process can be used

to improve data association. From the pose estimates, the relative pose and its uncertainty

between a new image and an image in the map can be determined. This relative pose

can, on the one hand, be used to determine whether the images are likely to depict the

same structures and if it is worth comparing them. On the other hand, if the images

are compared, one can check if the resulting relative pose fits the estimated map. This

last procedure is known as gating (Neira and Tardós, 2001; Bailey and Durrant-Whyte,

2006) and has proved itself for mapping small environments such as indoor office rooms

(Davison et al., 2007). This is not the case for mapping applications in general. The

main problem is that the estimated uncertainty of the poses is usually too small. Most,

if not all, SLAM algorithms are said to be “overconfident” or “optimistic”, despite the

large amount of research in this area. If gating were to be strictly applied, then most

hypothesized loop closing links would not be accepted. This is the reason why, even

for mapping systems that aim at building geometric maps, it is common to resort to

topological data association to close loops (Newman and Ho, 2005).

Local parts of the geometric map can be used as a measure of displacement of the

robot, which can then be used to define a set of key images as described in Section 2.3.1.

It is used in Konolige and Bowman (2009) to remove redundant views from the image

set. Furthermore, in some applications it is possible to explore the environment in such

a way that no large loops are present, making gating possible. This is the case in most

underwater exploration scenarios, such as described in Eustice (2005).
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2.4.4 Discussion

View-based mapping systems could in principle benefit from geometric camera pose

information. The problem of estimating a consistent set of camera poses given local geo-

metric information can be concisely stated, yet is difficult to solve. It therefore attracted

a lot of research and resulted in a large collection of different methods. Still, most pose

estimation methods are fragile and for most applications the estimates are not suitable

for data association. There is still a lack of understanding on how to properly fuse the

qualitative information coming from image-based data association methods to estimate

robot poses.

2.5 Conclusion

This chapter gave an overview of existing view-based mapping literature. Unfortunately,

almost all studies focus on developing new methods, without performing proper compar-

isons with other work. It is, therefore, difficult to say which method will be favorable for

application in a home environment.

What can be concluded is that most of the image comparison methods combine SIFT

or SURF feature matching with some sort of local geometric check and thus, often im-

plicitly, measure how well a relative camera pose can be estimated from the images. For

efficiency and robustness, they commonly assume that the robot drives over a planar sur-

face. Also this assumption is usually made implicitly. Thus, even though there exist a

lot of methods that use the planar motion assumption, there is a lack of understanding

how to properly use the planar motion assumption to estimate the relative pose given two

images. In the next chapter, we will adress this question. After answering this question

we try to define a better founded image comparison method, that is explicitly based on

the uncertainty of the pose estimator.

Data association is commonly improved by using geometric positional information of

previous camera poses. However, we have seen that methods to estimate these camera

poses are still fragile. This will especially be the case in challenging environments such

as homes. In this thesis we will not use camera pose estimates to improve data associa-

tion. Rather, we will focus on the problem of using topological information to improve

view-based mapping. We explained that some systems solve this by applying solutions

for the graph clustering problem. We will not follow that route, but will investigate

if there is a more direct method to use topological information to improve view-based

mapping.
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