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4 Image similarity for view-based

mapping

In Chapter 2, we have seen that state of the art image similarity measures based on local

image features often use local geometric constraints to discard falsely matched features.

Implicitly, this results in a measure that reflects how well relative pose information can be

extracted from point correspondences. In the previous chapter, we developed a new al-

gorithm to estimate the relative pose. In this chapter, we propose a new image similarity

measure based on this pose estimation method. Because the developed pose estimation

method of Chapter 3 determines a full likelihood over the complete space of possible

relative poses given the point correspondences, we can also compute the probability of

the most likely relative pose. This probability is used to define a measure of image sim-

ilarity. We compare it with other state of the art similarity measures: a simple approach

based on feature matches, a RANSAC-based approach and the Bag Of Words approach

FABMAP.

4.1 Introduction

In most, if not all, view-based mapping systems it is necessary to determine whether

two images partly depict the same structures of the environment (Eustice, 2005; Torralba

et al., 2003; Konolige and Bowman, 2009). An image similarity function that determines

the similarity of two given images is the basic tool to perform this task (Datta et al.,

2008). The quality of the resulting view-based maps depends for a large part on the

robustness of this function.

Popular similarity functions used in view-based mapping systems base the image simi-

larity on the number of point correspondences found. In order to discard falsely matched

image points, it is common to first estimate a relative pose from the correspondences

using the robust RANSAC algorithm and then discard correspondences that do not fit

this pose (Eustice, 2005; Newman et al., 2006; Fraundorfer et al., 2007; Konolige et al.,

2009). In the related semantic place recognition task, this same technique is commonly

used to measure the similarity betweeen images of buildings and touristic sites (Segvic

et al., 2009; Chum and Matas, 2010; Li et al., 2008; Philbin et al., 2007).

In the previous chapter, we already discussed two problems with RANSAC. First,

it requires an explicit error model that describes the noise characteristics of the vision

sensor. Second, it makes an explicit distinction between inliers and outliers using a hard

threshold. An additional problem, which we will explain in detail in this chapter, is that

counting the number of inliers does not give a proper measure of image similarity. It is

not a probabilistic measure, making it inappropriate to combine with other probabilistic

methods, such as for example the FABMAP method (Cummins and Newman, 2008).
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4 Image similarity for view-based mapping

In Chapter 3 we have developed a completely different method for determining the

relative robot pose, given that the robot moves over a planar ground floor with a rigidly

mounted vision system. The method learns the noise characteristics in the form of a non

parametric likelihood using a set of training images and their ground truth poses. We

have shown that the resulting most likely relative poses are more accurate than the poses

determined by state of the art methods. Because it estimates the full likelihood over the

space of all relative poses, we also have access to a full density estimate1 of the relative

pose given the correspondences.

In this chapter, we use this full density estimate of the estimated pose as a measure of

image similarity and compare it with the state of the art RANSAC-based method and the

FABMAP 2.0 method. As in the previous chapter, image sets of the home environments

are used. In Section 4.2, we describe both the state of the art RANSAC-based method

as well as our new algorithm. To compare the algorithms, we have to establish a way

of evaluating the image similarity results. In Section 4.3, we review existing evaluation

criteria and define the two criteria we use in the experiments. In Section 4.4, we evaluate

how well the similarity measures perform in a semantic place recognition setting. We

conclude the chapter with a discussion in Section 4.5 and a conclusion in Section 4.6.

4.2 Image similarity measure

In this section, we first give a definition for the popular RANSAC-based image similarity

method. We will see that this method has some fundamental problems. To overcome

these, we propose a similarity measure based on the novel pose estimation method based

on lookup tables, described in the previous chapter.

4.2.1 RANSAC-based similarity measure

The RANSAC-based similarity measure works as follows. First, invariant local im-

age features are extracted from the images i and j, for example using the SIFT or

SURF method. These are matched to find a set of nij local point correspondences

{ξ1, . . . , ξnij
}. Given these correspondences, we can already define a simple feature-

based similarity measure (as used in for example (Andreasson et al., 2008)):

SF
ij =

nij

1
2 (Fi + Fj)

, (4.1)

where Fi and Fj are the numbers of features found in respectively image i and image j.

This measure can be improved by applying geometric constraints on the correspondences

as follows. From the correspondences, a relative camera pose (ϑR
ML

, φR
ML

) is estimated

using a combination of least square estimators and robust methods (as explained in the

previous chapter in Section 3.5). The most important step in this estimation process is

discarding the usually large number of outliers which are mostly caused by mismatched

1Because we discretize the solution space in a finite number of bins, it is perhaps better to use the term

probability mass function. We will however use the term density, because the underlying variables are

continuous.
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4.2 Image similarity measure

(a) Two images with four feature matches

(b) Possible robot poses causing the matches

Figure 4.1: A visualization of a degenerate formation of point correspondences between

two images (a) and a possible relative camera pose given these correspon-

dences (b).

image features. This step is generally performed using the RANSAC method, which was

described in Section 3.5.2.

The similarity between the two images is based on the number of point correspon-

dences that fit the resulting estimated relative camera pose. Whether a correspondence ξ
fits a relative pose is determined using a distance measure d

(
ξ, (ϑR

ML
, φR

ML
)
)
. This com-

monly approximates the reprojection error of the correspondence given the relative cam-

era pose (see for example (Hartley and Zisserman, 2003)). In our experiments, we will

use the Sampson distance as given in Section 3.5.1. If this distance is below a preset

threshold c, then it is said to fit the relative pose. The final similarity value is determined

by dividing the number of fitting correspondences with the average number of features

found in both images as in Equation (4.1). To summarize, the similarity value SR
ij be-

tween image i and image j is defined as follows:

SR
ij =

1
1
2 (Fi + Fj)

∑

k

H
(
d

(
ξk, (ϑR

ML
, φR

ML
)
)
− c

)
, (4.2)

where H(·) denotes the Heaviside step function.

The rationale of this similarity function is that it determines the ratio of the number

landmarks in the scene that can be seen in both images with respect to the total number

of landmarks in the images. Let us look more closely how this method works out in

practice.

An explicit distinction is made between correspondences that resulted from the same

landmark depicted in the two images and the correspondences that were caused by, so-

called, mismatches. This distinction is made on the basis of the pose estimation result,

and therefore depends on the success of the pose estimation procedure. It is known,

however, that this pose estimation sometimes fails. A common problem is that the corre-

spondences can lie in a degenerate formation.

69



4 Image similarity for view-based mapping

Figure 4.1 visualizes such a degenerate formation. In Figure 4.1(a) two images are

visualized. In the image on the left all features are close to each other. In the right

image, however, the features are spread more or less uniformly over the image plane.

In Figure 4.1(b) a relative camera pose is visualized that can explain this set of point

correspondences. The camera equipped robot on the right is surrounded by landmarks,

while the robot on the left is standing far away seeing all landmarks at more or less the

same angle. Actually, it does not matter how the features are distributed in the right

image. They will approximately fit the visualized camera pose and most of them are

counted as correct matches. This causes the similarity value to be artificially high with

respect to the similarity values of sets of point correspondences which do not lie in a

degenerate formation.

Such degeneracies can actually be detected. In the example of Figure 4.1, it does not

matter where the left robot is positioned, as long as it is far from the right robot position.

Thus, there are multiple camera poses for which the correspondences fit. The estimated

pose is actually not that distinctive. The pose estimator indeed tried to find the relative

pose that was most likely relative camera pose. So, how can a similarity function take

into account whether the estimated relative camera pose is rather distinctive or not at all

distinctive?

This can be answered easily using some basic probability theory. We should divide the

likelihood of the point correspondences, given the estimated relative camera pose, by the

sum of the likelihoods given all possible poses. The problem with the RANSAC-based

similarity method is that it only provides the likelihood for a specific relative camera pose

and thus this normalization cannot be performed.

4.2.2 LUT-based similarity measure

In the previous chapter, we have developed a new method to estimate the likelihood of

the relative camera pose given a set of point correspondences. By discretizing the space

of all possible relative poses and efficiently computing the likelihood of each pose, we

obtained an estimate of the likelihood over the complete space of poses. We used this

discretized density function to estimate the relative camera pose that was most likely by

selecting the pose with the maximum likelihood:

(ϑL
ML

, φL
ML

) = arg max
(ϑ,φ)

p(ξ1, . . . , ξn|ϑ, φ). (4.3)

In this chapter, the full distribution is used to normalize the probability of the maximum

likelihood. This is done by applying Bayes’ rule. In this way, we obtain a similarity mea-

sure which takes into account degenerate formations of the set of point correspondences:

SL
ij = p(ϑL

ML
, φL

ML
|ξ1, ..., ξn)

=
p(ξ1, ..., ξn|ϑL

ML
, φL

ML
)p(ϑL

ML
, φL

ML
)

p(ξ1, ..., ξn)

=
p(ξ1, ..., ξn|ϑL

ML
, φL

ML
)p(ϑL

ML
, φL

ML
)∑

ϑ,φ p(ξ1, ..., ξn|ϑ, φ)p(ϑ, φ)
, (4.4)

where we use the sum rather than the integral to indicate that the estimated likelihood is

represented by a discretized density function. In our case, the prior relative pose p(ϑ, φ)
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4.3 Evaluation criteria

is taken to be uniform, as is the case for the estimated full likelihood. Thus Equation (4.4)

can be simplified :

SL
ij =

p(ξ1, ..., ξn|ϑL
ML

, φL
ML

)∑
ϑ,φ p(ξ1, ..., ξn|ϑ, φ)

. (4.5)

This similarity measure does not only solve the degeneracy problem. It also gives

a more appropriate measure for view-based mapping applications. Namely, it measures

the probability that we can estimate the local relative geometry between the camera poses

given two images. This is clearly relevant for applications, such as view-based SLAM

and view-based robot navigation. In this chapter, however, we focus on the task of topo-

logical mapping which is not directly related to pose estimation. In the experiments in

Section 4.4, we compare it with the RANSAC-based measure. However, first we have to

define a proper evaluation scheme.

4.3 Evaluation criteria

Before applying the described similarity measures, we have to define useful evaluation

criteria for our application. In this section, we first describe the current practice with

respect to evaluating view-based topological mapping methods. We then describe the

two evaluation criteria we use in the experiments.

4.3.1 Related work

In the related semantic place recognition task it is common to evaluate methods quanta-

tively. The common scheme, as used in most content-based image retrieval applications,

is to assign a single semantic label - such as “kitchen” or “Paris” - to each of the im-

ages (Torralba et al., 2003). This assignment is usually done by hand (Russell et al.,

2008), sometimes aided with additional information such as GPS data or the sequential

order of the images (Zheng et al., 2009; Zivkovic et al., 2008). Image pairs with the

same label are then regarded as being similar. This same approach is often used to eval-

uate view-based topological mapping methods (Ulrich and Nourbakhsh, 2000; Pronobis

et al., 2010; Kosecká et al., 2005). However, as discussed in Chapter 1, there is a mis-

match between these tasks.

A rigorous quantitative evaluation method for the task of view-based topological map-

ping itself does not exist. Commonly, ground truth positioning data is used to evaluate

image pairs with a high similarity value. For example, Valgren and Lilienthal (2010) de-

scribe how images taken more than 10 meters apart should have a similarity value below

a certain threshold. In Cummins and Newman (2009) this distance is set to 40 meters.

Such a measure only takes account of the distance between the camera poses and disre-

gards other properties, such as viewing direction, walls blocking the view of the camera

or the average distance to visual features.

In Cummins and Newman (2008) ground truth similarity was determined by checking

image overlap by hand. This was achievable for the particular image set used in their

evaluation, because the camera was looking perpendicular to the driving direction and

the viewed scene was at more or less the same distance throughout the robot trajectory.

In general, however, such an approach would lead to subjective evaluation results.
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4 Image similarity for view-based mapping

In Frese and Neira (2009) a dataset is proposed which includes hand-labeled associ-

ations of artificial white circles placed on the ground and seen in the images. This data

was used for example in Olson (2009b) to evaluate a view-based mapping procedure. A

drawback of this dataset is that the circular objects are all put on the same plane, namely

the ground floor. Because of this, the resulting sets of correspondences actually are de-

generate cases (Kanatani, 1996).

In the field of image registration, which is commonly used for fusing medical images

taken from the same patient, a similar kind of evaluation has to be performed. However,

in this field researchers resort to hand-labeled data through the means of control points to

evaluate different methods (Zitova and Flusser, 2003). In order to keep the experiments

objective and reproducible, we will abstain from using subjective hand-labeled data.

4.3.2 Our evaluation measures

In our application, we use the image similarity measure to find links in a topological

view-based map. In Chapter 1, we explained that such a link indicates that two images

depict an overlapping part of the environment. Thus, we should evaluate if the found

image similarity values are indeed high if such an overlap exists, and low if it is not.

Note that some non-overlapping parts of an environment could be visually indistinctive

from each other. In such a theoretic case, even the perfect image similarity measure

cannot reach 100% accuracy. However, we consider only practical situations and real

image similarity measures.

The problem is that the concept of depicting an overlapping part is ill defined. Specifi-

cally, in the home environments which are the focus of this thesis, we might assume that

different rooms do not contain any overlap. However, in the datasets used in our experi-

ments, the doors of the rooms were always open. Images taken in a certain room could

therefore also depict small parts of other rooms in the house. The only case for which

we can be sure that no overlap exists, is if the two images were taken in different homes.

This evaluation criterion is used in experiments in Section 4.4. This evaluation measure

is very similar to the standard labeled place recognition method, with the difference that

we avoid ambiguities in the labeling process.

A drawback of this evaluation measure is that links found between nodes in the same

house are always regarded as correct, even if they were based on only false point cor-

respondences and could not have resulted in a reliable pose estimate. We can formulate

a stricter evaluation criterion of a view-based link, by using the fact that the similarity

values should give an indication of the success of the pose estimation.

We can easily evaluate the success of the pose estimation method, by comparing the

estimated poses with the ground truth poses, which are available for the home datasets.

Given a certain error bound we can determine whether the pose was successfully esti-

mated or not. In the experiments, we only apply a bound on the estimated rotation and

not the estimated heading. We have done this because the ground-truth rotations are more

reliable than the ground-truth headings.

Using this stricter evaluation measure we can compare the RANSAC-based similarity

measure with our proposed method. The stricter evaluation criterion can falsify links

between images that were taken in the same home. Nevertheless, note that it does not
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falsify all false links. By accident an estimated pose given two images could be close to

the ground truth, even if based on only false feature matches.

4.4 Experiments

In these experiments, we evaluate different similarity measures in a place recognition

setting. The similarity measures should find a high similarity value for pairs of images

that were taken in the same home and a low similarity value for pairs of images taken in

two different homes. This allows us to compare the discussed similarity measures based

on pose estimation, namely the RANSAC-based method and the LUT-based method,

with other measures proposed specifically for solving this task, namely a simple feature-

based method without geometric constraints and FABMAP 2.0. Thus, besides evaluating

the new LUT-based method, the experiment evaluates if measures which are actually

based on the ability to estimate the relative camera are indeed good similarity measures

for solving the task of place recognition, as claimed in Chapter 2. In addition we evaluate

if the similarity measures that use relative pose estimation, find a high similarity value

for image pairs for which the estimated pose is indeed correct.

4.4.1 Evaluation measures

The results of the experiments will be presented and evaluated in a couple of ways.

In topological mapping literature it is common to visualize the results as connectivity

graphs, using the ground truth camera positions to place the different nodes (Konolige

et al., 2009). Each image pair with a similarity value above a chosen threshold, is plotted

as a link in a graph connecting the corresponding two nodes. In our case the positions

of the camera in a certain home is accurately known. Yet relative positions between

different homes are not defined (the distance between Amsterdam and Bielefeld is not

measured). Therefore, we artificially position nodes from different places far apart.

A more concise presentation, which is also used in place recognition literature (Ran-

ganathan and Dellaert, 2007), is the confusion matrix. In our case, this is a symmetric

square matrix where the rows and columns denote the different homes. Each element is

filled with the total number of links from the home corresponding to its row to the home

corresponding to its column. The main diagonal of this matrix represents the correctly

matched image pairs per place; the true positives (TP home). The off-diagonal entries rep-

resent the matched image pairs of different places; the false positives (FP home).

For both the confusion matrices and the graphs we should choose a threshold for each

similarity measure. A fair way to do this, is to choose it in such a manner that the number

of matches is equal among the different measures.

A way to present the results independently from the chosen threshold, is using ROC

curves (Receiver Operator Characteristic) that express the recall against the false alarm

rate by varying the threshold value. The recall for the home recognition evaluation is

defined as

recall =
TP home

P home
, (4.6)

with the number of positives P home defined as the total number of correct image pairs in
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the dataset:

P home =
∑

label

nlabel(nlabel − 1)/2, (4.7)

where nlabel is the number of images taken in the same room “label”. Note that we regard

all image pairs taken in the same house as positives, although part of them have no visual

overlap. This objective measure will therefore result in a relatively low ROC as compared

to other studies where a stricter set of positives was hand-picked (Valgren and Lilienthal,

2010; Cummins and Newman, 2009).

The false alarm rate for the home recognition evaluation is defined as:

false alarm rate =
FP home

N home
(4.8)

with the number of negatives N home defined as the total number of incorrect image pairs

in the dataset:

N home = ntotal(ntotal − 1)/2− P home, (4.9)

with ntotal the total number of images.

A similarity measure with an overall higher ROC curve thus results in more correct

matches and fewer incorrect ones. For most robot applications, it is also interesting

to look at the onset of the ROC curve. The onset corresponds to a false alarm rate of

zero, which is preferable for most mapping applications. Wrong links are commonly

catastrophic.

For the RANSAC and the LUT methods, additional ROC curves are computed using

the more strict evaluation measure by determining if the pose estimation was successful.

An estimated pose is deemed correct if the estimated rotation is within .5 radians of the

ground truth rotation. For the total number of negatives and positives, the same values

are used as for the home recognition based ROC curves.

Finally, as in the previous chapter, the computational cost of the methods is an impor-

tant evaluation measure.

4.4.2 Data

Like in the previous chapter, we use the images acquired in the real homes (see Ap-

pendix A). The three image sets are joined to form a set of 5147 images in total. From

these we randomly picked a set of 13 ∗ 105 image pairs, 10% of all possible image pairs.

Of these image pairs, around 5 ∗ 105 are from the same home and should thus get a

high similarity value and 8 ∗ 105 are from two different homes and should thus get a low

similarity value.

From these image pairs, sets of point correspondences are created in a similar fashion

as described in Section 3.7.3. In order to cope with the large number of image pairs, the

images were compared using SURF features with a small descriptor of only 32 values.

These are more efficient and require less storage capacity than SIFT features.

4.4.3 Similarity measures

The following similarity measures are compared:

74



4.4 Experiments

Features A simple feature-based measure, in which the number of point correspon-

dences found by comparing the SURF features is normalized by the average num-

ber of features found in the two images (see Equation (4.1)). This method does not

apply relative pose constraints.

RANSAC The state of the art method as described in Section 4.2.2 and 3.5, based on

the number of inlying SURF features which uses a combination of the RANSAC

algorithm, an M-estimator and the Planar Three-point algorithm. This number is

again normalized by the average number of features (see Equation (4.2)).

LUT128 The novel similarity measure proposed in Section 4.2.2, based on the dis-

cretized full likelihood estimate of Section 3.6, with a lookup table of 1283 bins

(see Equation (4.5)). The lookup table was constructed using all the image pairs of

the Almere 1 dataset, which was taken in the same home as the Almere 4 dataset,

yet following a different path and under lower dynamic conditions.

LUT16 The same as LUT128, but with a lookup table of 163 bins.

FABMAP The mapping method FABMAP 2.0, described in Cummins and Newman

(2009) that does not use relative pose constraints. We should note that FABMAP

is actually more than an image similarity measure, because it uses some additional

information based on the sequential nature of the images (as discussed in Sec-

tion 2.3.2). In addition, it assumes that sequential images are non overlapping.

Therefore, we used a subset of the image set, as advised in the FABMAP software

documentation, using only every 10th image. This results in a total of 515 images,

which in turn resulted in about 13 ∗ 104 image pairs.

4.4.4 Results: connectivity graphs and confusion matrices

In Figures 4.2 to 4.4, the connectivity graphs - resulting from the different similarity

measures - are plotted. In the top left of the graph, on finds the links associated with

Biron 1 set. In the top right, one sees the links associated with the Spaan 1 set and at the

bottom those of the Almere 4 set. The nodes of the graph, which denote the images, are

not plotted to avoid clutter in the figures. For each graph, except the one in Figure 4.4,

we plotted the 30,000 links with the highest similarity values. The color intensity of the

plotted link indicates the height of the similarity value.

Most of the measures result in properly looking connectivity graphs, where a lot of

links are found between images that were geometrically close to each other. Table 4.1

gives the confusion matrices associated with the connectivity graphs.

The Features method (Figure 4.2(a)) resulted in 179 wrong links between the Biron

1 and Almere 4 set. Most of the falsely linked images of Almere 4 were taken in a

small hallway, which had few visual features like the Biron home. The RANSAC-based

graph (Figure 4.2(b)) also has 3 of these bad links. In addition, some of the linked images

within the Biron 1 set are from non-adjacent rooms and thus, most probably, based solely

on mismatched image features.

The LUT128-based graph (Figure 4.3(a)) does not link images of different homes.

Furthermore, there seem to be few links between non-adjacent rooms. The LUT16-based

graph (Figure 4.3(a)) looks very similar but has a single erroneous link.
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(a) Features

(b) RANSAC

Figure 4.2: Connectivity graphs of 30,000 links, based on (a) the purely Feature-based

similarity measure and (b) the state of the art RANSAC-based similarity mea-

sure.
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(a) LUT128

(b) LUT16

Figure 4.3: Connectivity graphs of 30,000 links, based on the two LUT-based similarity

measures using lookup tables of (a) 1283 bins and (b) 163 bins.
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Figure 4.4: The connectivity graph of 3,000 links based, on the FABMAP similarity mea-

sure.

Table 4.1: Confusion matrices for the different similarity measures of the top 30.000 im-

age pairs.

Almere4 Spaan1 Biron1

Features

Almere4 11432 0 179

Spaan1 0 5866 0

Biron1 179 0 12523

RANSAC

Almere4 12630 0 3

Spaan1 0 6375 0

Biron1 3 0 10992

LUT128

Almere4 14350 0 0

Spaan1 0 8840 0

Biron1 0 0 6810

LUT16

Almere4 14313 0 1

Spaan1 0 8992 0

Biron1 1 0 6694

FABMAP

(3000 pairs)

Almere4 1790 40 328

Spaan1 40 306 143

Biron1 328 143 393
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Table 4.2: The number of correctly found image pairs at zero false rate of the different

methods, corresponding to the onset of the ROC curves. (*) Note that the

FABMAP method was applied to only 10% of the image pairs and thus this

result should be multiplied by 10 when compared with the other methods.

Method Features RANSAC LUT128 LUT16 FABMAP

# error free 16377 26402 30189 27314 430∗

As described in Section 4.4.3, the FABMAP method was applied to considerably fewer

images, resulting in a 10th of the number of evaluated image pairs. For fair comparison,

only 3,000 links are plotted (Figure 4.4). These, however, include a lot of false links.

Looking more closely, it appears that most of these false links originate from only a few

images. Inspection of the position data revealed that the robot was moving relatively

slowly, while taking these particular images. This might have influenced the results.

4.4.5 Results: ROC curves given home recognition

Figure 4.5 shows the ROC curves of the different methods, based on the home recognition

evaluation. The complete ROC curves (Figure 4.5(a)) show that in general there is not

much difference between the performance of the different similarity measures, except for

the FABMAP method, which has a considerably lower performance. For most mapping

applications, however, it is more interesting to see the behavior of the measures at low

false rates.

Figure 4.5(b) shows the first 10% of the recall, which corresponds to about 5∗104 cor-

rect image pairs, and 0.03% of the false rate, which corresponds to about 240 image pairs

between different homes. It can be seen that the RANSAC and the LUT measures have

more or less the same performance with a slight advantage for RANSAC. The Features

and FABMAP methods are clearly less accurate.

Table 4.2 gives the onsets of the ROC curves. That is: the number of correctly found

image pairs, until the first incorrect image pair is found. The FABMAP result seems

particularly low, but this is partly artificial because it used only a tenth of the image set.

4.4.6 Results: Precision-Recall curves given pose estimation
success

In Figure 4.6, the ROC curves for the RANSAC and LUT methods are plotted based on

evaluating the estimated poses. As can be seen, the RANSAC method has a slightly lower

false alarm rate for very low recall values. For higher recall values, however, the LUT128

and LUT16 methods outperform the RANSAC method. At 0.07 recall, which amounts

to about 32.000 correctly estimated camera poses, the false alarm rate for RANSAC

was about 0.00086, corresponding to 750 incorrect poses, while the LUT16 method had

a false alarm rate of 0.00033, corresponding to 287 incorrect poses. The LUT128 is

slightly better than the LUT16 method for relatively low recall rates up to 0.08.
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Figure 4.5: The ROC curves given the home recognition application. (a) shows the com-

plete ROC curves. (b) zooms in on the first 10% of the recall with the first

.03 % of the false rate.
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Figure 4.6: The ROC curves based on successfully estimated relative poses.

Table 4.3: Average computational time usage per image pair in milliseconds for the dif-

ferent methods.

Features RANSAC LUT128 LUT16

- 0.1 0.2 0.01

4.4.7 Computational time

For all of the similarity measures, the amount of computational time is dominated by the

matching of image features which took on average .3 ms per image pair. As explained in

Chapter 2 matching techniques - such as the Bag of Words method - can greatly improve

the efficiency of matching image features. In Table 4.3, we therefore report only the

computational cost of the similarity measure given a set of point correspondences.

Thus, the Feature method, only has to evaluate Equation 4.1 with known values and

thus incurs close to zero computational cost. The RANSAC method is faster than the

LUT128 method, which seems to contradict the results found in Table 3.1 of Chapter 3.

However, in those experiments only geometrically close image pairs were used which

on average have much more feature matches. The run-time complexity of the RANSAC

method is almost linear in the number of feature matches, while the LUT-based methods

have the extra overhead of processing the lookup table. For the LUT16 method, this

overhead is clearly much smaller.
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4.5 Discussion

The results show that both the RANSAC and the LUT-based similarity measures out-

perform the FABMAP and the simple feature-based method. The performance of the

LUT-based method itself is slightly better than the RANSAC-based method, especially

when taking into account its low computational cost.

Nevertheless, the LUT-based similarity measure does not have the advantage of using

the total number of features found in the images. The RANSAC and the simple feature-

based methods do use this value as a normalization term. We do not apply this same ad

hoc normalization technique in the LUT-based similarity measure, in order to keep the

similarity values probabilistically sound. Note that extracting two times the number of

matches from the total number of found features, results in the number of features found

in the images that do not result in a match. It would be interesting to investigate how this

information of the number of unmatched features can be incorporated in the similarity

measure in a probabilistic way.

Indeed, an advantage of the LUT-based similarity measure is that the similarity values

are probabilistically relevant. Each similarity value approximates the probability that the

ground truth pose falls in the two dimensional histogram bin associated with the esti-

mated pose. The approximation is thus performed by choosing the bin with the highest

probability. We could also have chosen to make the measure independent of the bin size

of the LUT by, somehow, marginalizing over all bins in the histogram.

4.6 Conclusion

In this chapter, we proposed a method to measure image similarity for view-based map-

ping. The method is based on the planar pose estimation approach introduced in Chap-

ter 3, which efficiently uses lookup tables (LUT) to compute a discretized density func-

tion over the space of possible relative camera poses.

Experiments on the datasets taken in real home environments demonstrate that the

performance of the new method is better than the commonly used RANSAC-based sim-

ilarity measure. The ROC curves show that at zero false rate, the LUT-based method

with 1283 bins finds 14% more links than the RANSAC-based approach. Even with a

much smaller LUT with 163 bins the performance is still 3.5% better. The experiments

also confirm that, for the view-based mapping task, image similarity measures that use

geometric constraints, including the RANSAC and the LUT-based methods, outperform

feature-based methods, including FABMAP.

However, the main advantage of the proposed method over existing methods is its

efficiency. If a small 163 bin LUT is used, then the average time to determine a accurate

similarity value based on a set of point correspondences is only 10 microseconds. This

is 10 times faster than the popular RANSAC-based method. In practice this means that

during mapping more images can be compared with newly taken images. This makes it

possible to create larger view-based maps.

There is also a theoretical advantage of the proposed method over existing methods.

The image similarity measure is based on the ability to estimate the relative pose be-

tween the camera poses given two images. Most specifically, the similarity value is the
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probability that the estimated relative camera pose is correct. This is clearly relevant

for applications such as view-based SLAM and view-based robot navigation. Because

of this probabilistic nature, it should be relatively straightforward to incorporate it in

existing probabilistic frameworks used for geometric mapping.
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