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Abstract— Estimating the relative pose between two camera
positions given image point correspondences is a vital task in most
view based SLAM and robot navigation approaches. In order to
improve the robustness to noise and false point correspondences
it is common to incorporate the constraint that the robot moves
over a planar surface, as is the case for most indoor and outdoor
mapping applications. We propose a novel estimation method
that determines the full likelihood in the space of all possible
planar relative poses. The likelihood function can be learned
from existing data using standard Bayesian methods and is
ef ciently stored in a low dimensional look up table. Estimating
the likelihood of a new pose given a set of correspondences
boils down to a simple look up. As a result, the proposed
method allows for very ef cient creation of pose constraints for
vision based SLAM applications, including a proper estimate
of its uncertainty. It can handle ambiguous image data, such
as acquired in long corridors, naturally. The method can be
trained using either arti cial or real data, and is applied on
both controlled simulated data and challenging images taken in
real home environments. By computing the maximum likelihood
estimate we can compare our approach with state of the art
estimators based on a combination of RANSAC and iterative
reweighted least squares and show a signi cant increase in both
the ef ciency and accuracy.
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I. INTRODUCTION

bin number, second parameter of pose in radians

Various vision based topological mapping [1, 2], view
based geometrical mapping [3, 4] and robot navigation [Blg. 1. An example. Applying standard SIFT matching on two pansc

approaches are based on the ability to compare pairs of Ena images resulted in only four point correspondences incudmmismatches
PP y P P red numbers) and 2 almost degenerate correct matches (bluesrs)mbtill,

A common way to do this is to aUtomatica"y nd Similarthe proposed method computes a full likelihood over the difiepossible

looking image points [6], as done for two panoramic imageslative robot poses, and the maximum likelihood (solid blirele) is close

in Figure 1. Because part of these point correspondences gri€ ground truth (dashed green circle). The numbers réfatalifferent

. . . . correspondences in the image pair with the curves in theisnlspace.

the projections of the same 3D landmarks in the enwronmen?,

they can be used to determine the relative camera pose up

to an unknown scale [7]. A major challenge in determining

the relative pose given point correspondences, is thatge lasuch as M-Estimators in combination with the Eight point

percentage does not correspond to the same 3D landmark,dgbrithm [11] to improve it. Both RANSAC and M-Estimators

are so calleanismatchesin addition the image point locationstry to nd a maximum likelihood solution by rst rejecting

of correct matches are noisy, caused by for example noisenosmatches and very noisy correspondences using an error

the imaging device and errors in the calibration. threshold and base a least square solution on the remaining
To cope with this, so calledrobust algorithms are matches. Sophisticated techniques in Computer Visiondry t

needed. There are three robust methods commonly usdedtermine this threshold from the image data itself [1318,

RANSAC(RANdom SAmple Consensus) [8], M-Estimatorén the eld of Robotics, where characteristics of the canmenea

(Maximum likelihood Estimators) [9] and the Hough Transavailable, this threshold is usually determined througimeso

form [10]. State of the art relative pose estimators rst usealibration procedure. The Hough Transform on the other

RANSAC combined with the closed form Eight [11] or Fivehand, if seen probabilistically, computes the full likeldd on

point algorithm [12] for an initial estimate and then apply discrete grid of poses without making an explicit disiorct

robust iterative reweighted least squares (IRLS) techlesqubetween inliers and outliers. Because space requiremems g



exponential with the number of parameters, it is in geneoal n
suited for pose estimation problems, although combination
of the Hough Transform with RANSAC [16] do exist, as
well as methods that treat rotation and translation estimat
separately [17, 18].

An approach to make pose estimation easier is to incor-
porate constraints on the possible relative poses. If thetro
drives over a planar surface, then the camera can only rotate
around a certain xed axis which is perpendicular to the two
dimensional translation direction. Given that the scalenca
be determined, the number of degrees of freedom for this
planar relative pose problem reduces to two. This con$traing, 2. 3D visualization of two cameras, and R, positioned on the
can be used to improve indoor mapping application usirsgme plane both observing a landmérk The dashed circle on the ground
wheeled robots [5], but also vision based outdoor mappi%%sneerv'ggc'fr@eostzt.he possible positions for roBoigiven the pose of. and
using vehicles driving over planar roads [1, 19, 20].

Commonly this constraint is imposed rather heuristicédiy,
example by taking only the horizontal displacement of image
points into account [4, 20]. A more proper solution is praabs
by Brooks [21] which formulates a least square approach X . . .
the planar relative pose given noise free correspondembés. esc_rlbe_ how noise fr_ee correspc_mdences relate_ to it. This
result was used in [22, 23, 2] for various robotics applmasi relation is gsed m_Sectlon _III to derive the nove_l estimakat
all in combination with RANSAC. In [22, 24] it was shown &a" be tramgd using real image data. In Section IV we .apply
that two correspondences are enough to solve the probl " both.S|muIated data and image data—;ets ta"?” n real
and both suggest algorithms, which are briey evaluate me envwgnments and compare the Maxmqm Likelihood
in combination with RANSAC. Makadia proposed a direcgStimates with the results from a planary constrained RAGISA

Hough based method to estimate planar relative poses [Z&MPined with an M-Estimator. In Section V we discuss
However, it also used a Spherical Fourier Transform, whidfle qualitative advantage of having a full likelihood sant
made it impractical due to its large computational costs. F,'naHY' n Sec.uon VI, we draw conclusions and propose some
The key concept of RANSAC based algorithms is to eva“g_lrectlons for improvement.
ate the solution space for randomly sampled poses. Disereti
ing and analyzing the whole solution space using a Hough-
like approach potentially leads to much more robust results The planar relative pose, which can be seen as a 2D
In this paper we show that this is feasible for the plandranslation and rotation, minus scale, can be parametkrize
motion estimation case without the additional approxiomai in different ways. We choose to parameterize it using two
as in [17, 18]. Our results demonstrate the greatly incabasangles# and , see Figure 2. Anglét denotes the direction
robustness over the random sampling technigues. of the translation, or heading, to rob®& in the coordinate
Furthermore, we present a probabilistic representatifi@me of robotL and angle denotes the heading to robot
where we learn the needed conditional distributions frob in the coordinate frame of roboR. Another common
real or simulated data without any parameters, except tharameterizations is using the heading and the rotatioobuftr
size of the discretization grid. This allows fast tuning oR in the frame of robot, such as in [21, 22]. However, our
the approach for different robots and cameras since m@strameterization nicely re ects the symmetry of the profmle
standard approaches have a set of parameters that need to Heis, for now, assumed that image point correspondences
tuned [4, 3]. Additionally, the learned conditional dibtitions are obtained by a noise free projection of landmarks, withou
properly capture other sources of uncertainty that arecdlf mismatches. An image point is usually denoted by a 3D vector
to explicitly account for, like the shaking of the robot anaf unit lengthx = [x;y;z]% where thez-axis is pointing in
inaccurate camera calibration. Therefore, more accunade dhe direction of the camera axis and thaxis is in the planar
robust results are obtained as demonstrated in the expg#einecase perpendicular to the ground plane. Here we denote an
section. Finally, testing the whole solution space pogdigti image point by its horizontal angle = atanZz;x) and its
can be computationally expensive. We present an ef ciemertical angle = arcsin(y). This is similar to the azimuth
implementation using a precomputed look up table (LUT). Thend elevation used in the inverse depth parameterization by
geometry of the problem is analyzed and a parameterizatioddandmark based SLAM methods [26]. If two robdts and
proposed to reduce the dimensionality of the needed LUT B observe a landmark, the point correspondence is thus
only three dimensions. The experimental results show tieat tdenoted by (, | and g, .
whole scheme can be even faster than the common samplinghe 3D problem as shown in Figure 2 can be reduced to a
based approach while at the same time we get more robsishpler 2D problem, by projecting on the plane getting °.
and accurate results. We de ned, anddg as the distances df to F®andR to F°

The rest of the paper is organized as follows. First, in
ction Il we formalize the planar relative pose problem and

Il. RELATING CORRESPONDENCES TO POSES



respectively. The length df to F°can now be expressed by: 3 3
==p_ tan( L) _ tan( r) § 1 £ 1
FFO= = ; 1 o g0
d dr @ i i
which results in the following ratio of d_. anddg: 2 2
r = d7|_ = M: (2) o in radians T Vi radians L
dr  tan( )

() (b)
Angle 6 FRL can then be found using the Law of Sines:_ o ) ) )
Fig. 3. Visualization of the possible relative robot poses dotting

sin(6 F°RL) sin( o #) as a function of# for multiple correspondences randomly picked using a
d = d ; relative pose witt# = = 0. (a) Generated using 5 noise free correspon-
ences (red/solid curves). enerated using 5 noisyespondences an
L R d (red/solid ). (b) G d using 5 noi d d
_ . L . . 3 mismatches (green/dashed curves). Note that, by coin@édeme of the
6FRL = arcsin dr sin( L #) (3)  mismatches corresponds to a curve close to the actual peseat = 0.

Angle can now be expressed as a function of angle
and a single point correspondence by adding the horizontal

observation angler, and using Equation (2): the 2D Iikelihopd ipto az2D hist_ogram. For each bin we need to
sum the contribution of all point matches. Therefore forheac
= g +arcsin @an(_r) sin( . #) : (4) point match we need to calculate the corresponding 2D his-
tan( L) togram approximating its log likelihood contributian (#; ),
We could also rewrite this formula into: which is computational costly. In the next section, we show
(1) how this can be efciently performed using a precomputed
#= +arcsin ————=sin ; 5 - )
L @an( ») (r ) (5) look-up table
which is evident given the symmetry betwegrand . A. Look up table

We now obtained functions that map to  and vice  The negative log likelihood of a single correspondence

versa given a single point correspondence. These can be qge@l,-ven by logp( : .; r; rj# ). Thus, if we would

to plot curves of possible relative robot poses as shown jRjvely construct a look up table, it would have 6 dimensjons
Figure 3(a) for some randomly picked point correspondencesfor the point correspondence angles and 2 for the relative
Looking closely at this gure one can see that some pairs gbse. In order to keep the size of the LUT comprehensible,
curves intersect each other twice. This shows that, althouge gp space should be discretized in large bins, resulting i
it was assumed that two point correspondences can be ugegrge discretization error. Fortunately, the dimensignaf

to solve the relative pose problem [22, 24], in some cas@g LUT can be reduced to only 3 dimensions by using the
two different relative robot poses result in the same twapoigne point mapping function introduced in Section Il and some

correspondences. _ _ common assumptions about the noise characteristics ofeémag
Based on Equation 4 an algorithm was derived that corgpints,

putes both these solutions given two correspondenceshwhic The function given in Equation (4) can be written as
can be combined with hypothesize and test schemes such as

RANSAC. The exposition of this “Planar Two point algo- - +arcsin tan(_ Rr)
rithm” is rather tedious and described in [27]. For complete tan( )
ness it is taken into account in the experiments.

sin# L) =0: (8)

As can be seen the termg and g are only used in the

. - tan( ) : .
I1l. EULL LIKELIHOOD ESTIMATOR comblnatlontan( ff . Also, \_/arlables# an_d Ls and variables
gnd r are only used in the combinatiords L and

We now use the relation between noise free correspondence ivel hich d ibe the horizontal |
and relative poses to develop an algorithm that can deal with , R respectively, which describe the horizontal angles

noisy correspondences, including mismatches, see Fighje 3to the landmark relative to the heading of the cameras. The

The problem can be formulated as determining the negat?\% nt probability of observing a correspondence under saier

log likelihood of each posé#; ) givenn point correspon- ' ative pose can thus be represented as:

dencesf 1;:::; ng, each parameterized by the angles= C e e )= tan( R)_# )
(us us riy ri) 28] X PL LI Li re Ri# )= P tan( )’ b R
. _ . 9)
L# ) = Li(# ) (6) This holds if we assume that the noise of the horizontal and

vertical view angles do not depend on their value, which is
logp( ij#; ); (7)  similar to the common assumption that the noise of the pixel
i locations is homogeneous.
where we use the common assumption that the corresponBecause of the symmetry of the representation of the relativ
dences are independent given the relative pose. We diserefilanar pose, the two points of the point correspondences and



the heading angles can be swapped giving the same resuleach pose correspondence it a to the 3D histogram.
1 Again, each value of the histogram is replaced by its negativ
p(r;# L R)= P F; RI# L ; (20) log, resulting in a proper LUT. Algorithm 2 summarizes the
procedure to build a LUT. To keep the algorithm comprehen-

with r = ;222 f; for convenience. In practice this means thatible, it ignores the symmetry betweénand .

we only have to construct a LUT fdd < r < 1 and swap A second problem, which can not be circumvented, is that

# L with r and use% instead ofr if r> 1. the amount of data in an image dataset is limited. As a
The likelihood can be determined from the joint probabilitgonsequence we usually can not construct a LUT with a very
by dividing by the probability of the pose(#; ): high number of bins. In the next section we evaluate, among
other things, the consequences of such a smaller LUT.
p(i# ) = p( L5 L5 Ry RIF ) (11)
= p( L; L: Ry RIE O)EP#E ) (12) Algorithm 2 Constructing a LUT from real data
tan( ri). PP  2d array of zeros

Li; Ri  =p(# (13)

During the construction the LUT, one can take care that the
different relative poses are uniformly distributed as diesd
below. This makes the likelihood proportional to the joint:

for all train dataf#; ; |; L; r; rgdo

PP(d¢), d( )) +=1
LUT  3d array of zeros
for all train dataf#; ; |; L; r; rgdo

computer = (=)
tan(_ r). ) L 14) LUT((r), d@ L;, d( r)) += 1/ PP(d#), d( ))
tan( )’ L RO LUT - log each entry of LUT

Ef ciently determining a full likelihood over the relative

poses given a set of correspondences is now straightforward
For each correspondencewe compute the value cg‘iﬂ(if; IV. EXPERIMENTS
and pick the corresponding 2D slice of the look up table. Thenpy, determining the Maximum Likelihood from the esti-
we shift it in the direction of |; and i, wrapping the values mated full likelihood (LUT ML), we can compare our method
at the borders. This results in the negative log likelihodd ¢or planar relative pose estimation with the state of ther@st
each pose given a correspondence, which can be summeds{est methods using RANSAC combined with an M-Estimator
the different correspondences, resulting in a full likebd. 55 described briey in Section I. We combined these with

tan( )’

p( j# )/ p

Algorithm 1 summarizes this procedure. the Planar Two point, the Planar Three point and the general
Eight point algorithm. We used simulated data and 4 datasets
Algorithm 1 Full likelihood estimator using a LUT obtained from a robot with an omnidirectional vision system
HIST  2d array of zeros The methods are compared on the basis of their robustness
for all correspondences |; |; r; rgdO against mismatches and noise.
computer = EZ?\( f; We evaluate the estimated heading and rotation angle as
HIST += LUT(d()) shifted by d(_) and d(Rr) in [29] by taking the absolute difference with the groundhru
where d() denotes discretization values. Because these errors are not normally distribuged w

use the median to describe the error distribution. A robwst w

to describe the spread of these medians is to use the Median

B. Constructing a look up table of Absolute Deviations (MAD). Another important evaluatio
The LUT representing the negative log likelihood can befiterion is the computational time used by the algorithFe.

constructed from existing data. This data can be generafdbexperiments we report these times, as implemented in C++

by a simulator modeling the planar pose problem includir@nd run on the single 2 Ghz CPU core of a Pentium PC.

a vision system. Better is to use a representative image se

for which ground truth robot pose data is available. The maﬁ‘r

problem of real data is that the relative poses are in generalsing simulated data allows us to control the projection

not uniformly distributed. This invalidates the simplittan noise and number of mismatches.

proposed in Equation (14) and results in a bias of the LUT 1) Data: Data was simulated by randomly picking a uni-

towards certain poses which are overrepresented in theatataformly distributed point cloud of 3D landmarks inside a sgghe

However, we can easily compensate for this problem. of size 2 around the origin. Two random camera poses on
When constructing the LUT, we explicitly take the probaa circle with radiusl in the x-y plane around the origin

bility of the relative pose into account (see Equation (1B)a are chosen. From these the ground truth values#faand

rst step, a 2D discretized probabilify(#; ) is constructed by  are determined. Note that the distribution #fand is

making a histogram for all poses in the dataset and normgliziapproximately uniform.

it. Then, in a second step, the dataset is used to build theA set of point correspondences is constructed by projecting

3D LUT like for the simulator, with the difference that forthe landmarks on a spherical shaped image surface with a

t . .
Experiments on simulated data
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tails, indicating the need of robust statistics.

5) Sensitivity to mismatchesio test the robustness of the
different methods to mismatches, we vary the number of
mismatches, from 50% to 99%. In totaD® iterations were
conducted. In Figures 6(a) and 6(e) the resulting estimatio
errors are plotted.

Both the heading and rotation results show the same trend.
The error of the RANSAC+M-Estimator with the Eight point
algorithm, which does not take planarity into account, in-
creases fast if more than half of the correspondences are
mismatches. The RANSAC+M-Estimator with the Two point
algorithm is better, but is in turn outperformed by the Three
point algorithm which starts diverging at 70% mismatchdwe T
accuracy of the LUT ML estimator starts diverging at 85%
and seems particularly robust against high mismatch rates.
For mismatch rates under 60% the relative error is somewhat
higher which can be explained by the discretization process
used in the algorithm.

6) Sensitivity to violations of the planar assumption:

In practice the motion of a robot is never strictly planar.
Therefore, we test the behavior of the algorithms when small
rotations around the x-axis, and around the z-axis, arecadde

(a) Heading error 3pt. RANSAC + (b) Heading error LUT ML
M-Estimator

to the poses. We learn two separate LUTs for this experiment:
one as described above usifh§’ simulated correspondences
named LUT con, and one in which we additionally simulate
small rotations around the x-axis, and around the z-axit) bo
up to .25 radians, named LUT rot. In Figures 6(b) and 6(f) the
median errors are plot against the amount of pitch and roll,
for a mismatch rate of 60%. As can be seen at an angle of
radius ofl around the camera pose. Thus, an ideal omnidire& radians the RANSAC method and conventional LUT ML
tional camera model is used with a full 360 degrees view angteethod have the same or worse error as the RANSAC with
in the horizontal and vertical direction. An amount of noliyja Eight point algorithm which is not in uenced by non planar
distributed noise with zero mean and standard deviddi@d motion. Note that this corresponds to a percentage-grade of
is added to these projections. In addition, mismatches &#%. The LUT ML method with LUT con, learned to be
added by creating false correspondences between praojsctimore robust and is better than the RANSAC with Eight point
of different landmarks. We use a mismatch rate96%a algorithm up to .4 radians.

2) Setup:A LUT was constructed using the same simulator i
as described above. The number of bins to represert B: EXxperiments on real data
andr were all 128 which caused the computational time to We compared the performance of our method with other
be comparable with that of the RANSAC+M-Estimator. Thenethods on more thad 10° real image pairs.
number of point correspondences used W&<, which took 1) Data: We used three distinct image datasets. The rst
3 hours to build. The error threshold for both RANSAC antivo were obtained using our Nomad Super Scout Il and the
the M-Estimator were set according to the projection nofse third by the “Biron' robot from the University of Bielefel®n
the simulator. The number of RANSAC iterations was set tmoth an omnidirectional vision system was mounted comgjsti
100 of a conventional Firewire camera pointing upwards to a

3) Resulting look up tableFigure 4 shows the resulting hyperbolic mirror. Note that the proposed methods do not
look up table. In 4(a) one can see that point correspondenceguire omnidirectional images. All sets are taken in reahé
with ar value close to zero, do not tell that much about thenvironments. In the "Almere 4' set there are some people
data. This is due to the fact that there is a high chance thedlking in the rooms, the "Spaan 1' set is taken during exg@nin
it resulted from a mismatch. Note also that the histograhours, and the "Biron 1' set is taken in a feature poor home.
corresponding to a value close tol in 4(f) is almost The ground truth robot poses for the home sets were obtained
symmetric. Indeed if is exactlyl thenr = rl and we could by applying the SLAM algorithm described in [30] on laser
swap and . scans and odometry. The home sets are available for research

4) Resulting distributions: The distribution of errors is purposes, see [31] for details.
given in Figure 5. The LUT ML method results is superior for 2) Setup:From every dataset we use every pair of images.
90% percent mismatches. Also, both distributions have loWge discard the images taken at the same position. Also, if

Fig. 5. Comparison of the RANSAC+M-Estimator combined with Tieee
point algorithm and the proposed LUT ML method for 90% mismadchide
distribution of rotation errors shows a similar pattern.



TABLE |
ERAGE COMPUTATIONAL TIME USAGE PER RELATIVE POSE ESTIMATE
IN MILLISECONDS FOR THE DIFFERENT METHODS

images are taken at more than 5 meters apart for the Almere 4
set or more than 3 meters apart for the other sets, then tﬁé
chance of nding point correspondences is small, so we also
discard these pairs. Still, for each set there are aralid

- irs left ML RANS+M-Est
age pairs left. _ _ 128 64 | 32 | 16 || 8pt| 3pt| 2pt
To extract point correspondences from the image pairs, 13 | 028 007 | 0.036 | 3.6 | 3.8 | 0.68

the SIFT algorithm is used [6]. First omnidirectional image

are mapped to panoramic images [32], from which the SIFT

feature points are found. On average 238 features were found 250 ‘ ‘ ‘ ! !
1le-05
le-10

per image. These features are described by the standard SIFT
descriptor of128 dimensions. If two features in the same
image have a small distance in descriptor space then they are
removed. A set of point correspondences between two images
is determined by applying the standard matching scheme as
described in [6]. This resulted in on average 25 matches per

200 F
1 le-15
1H 1e-20
i le-25
iz 1e-30

150 -

100 -

bin number, in radians

50 | JF1 1e-35
image pair. The groundtruth relative pose was computed from 1 1e-40
the groundtruth robot positions. 0 ‘ ‘ ‘ ‘ JES 65

e . . . . . 0 50 100 150 200 250
3) Sensitivity to mismatches, trained with simulated data: 0

bin number, in radians

We rst use a LUT constructed using the simulator. In order
to evaluate the performance of the methods we would like . 8. The log posterior computed from the point correspande between
vary the number of mismatches. This can not be controlledage 857 and 897 of Almere set 4. The distance between theseaame
in real data, therefore we made subsets of the data on Bgltions was about 1 cm, while the rotation vésdegrees.

basis of the distance between the poses. We assume that for

larger distances it is more dif cult to nd matching featwe

In Figure 6(c) and 6(g) the heading and rotation error of thgumination of this dataset. The LUT ML witth2&® bins based
different methods is plot as a function of the distance betweon the simulator performs best, followed by th&g bins

the images for dataset "Almere 4'. It is clear that on a wholeUT based on the real images. Probably this somewhat worse
the errors are much larger than was the case for the simulatjserformance is due to the limited number of training data. Fo
data. This is partly due to the fact that some of the viewRe much smaller LUTs with6® bins this seems to be less
were obstructed by furniture, walls or people walking in thgroblematic, visible by the improvement of the LUT based on
environment. real images over the one based on simulated data.

In the plot of the heading error (Figure 6(c)) one can 5) Averages over the data setsApplication on other
see that the RANSAC+M-Estimator combined with the Twegatasets and different bin sizes resulted in comparable er-
point algorithm is outperformed by the three point algarith rors. Figure 7 summarizes these results. Note that all three
version, which in turn is clearly outperformed by the noveRANSAC based methods failed to robustly estimated poses for
LUT method for distances larger than 1.5 meters. The acgurane dif cult Biron 1 set as opposed to the proposed method.
of the RANSAC+M-Estimator combined with the Eight point 6) Binsize vs CPU time:To evaluate the inuence of
algorithm is not much worse. This could have been causgiferent binsizes for the look up table, we tested the ML
by the fact that the robot was leaning over when acceleratingethod for different numbers of bins. In Table | the average
slightly violating the planarity constraint. For the ratat error  computational time in milliseconds is given per image pair
(Figure 6(g)), the improvement of the ML estimator over thfor the “Almere 4' set. Other datasets showed similar trends
RANSAC+M-Estimator with Three Point is less clear. for both the LUTs constructed using the simulator and the

4) Sensitivity to mismatches, trained with real dafdext real data. As can be seen small look up tables result in a large
we constructed a look up table using all the image pairs of teeed up, but this comes at the cost of more error (see Table 7)
Almere 4 set that were within a 5 meter distance. We used tWwhe RANSAC+M-Estimator combined with the Planar Three
different binsizes, the rst had 128 bins for all three dimenpoint algorithm is three times slower than the LUT method
sions and the other 16. Although abdiff image pairs were with 128 bins.
used, the LUT with128® bins was not as smooth as the one
learned with simulated data The proposed method was applied
on the Spaan 1 set. The Maximum Likelihood solutions were An important advantage of the LUT based pose estimator is
compared to the RANSAC+M-Estimator combined with théhat it provides a full likelihood over the discretized spaxf
Three point algorithm and solutions given two LUTs basegossible relative poses. Thus, apart from nding a Maximum
on the simulator, also with28® and 16°. Likelihood solution, as shown in the Experiments sectibisg t

In Figure 6(d) and 6(h) the results are shown. As can leuld make the method useful for a range of other application
seen the overall accuracy is less than for the Almere 4. AA nice illustration of the usefulness of a full likelihoodrca
reason for this could be the motion blur, caused by the bhd seen in Figure 8. It shows an example likelihood for a

V. DISCUSSION
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typical situation that occurred in the Almere 4 set. In thiSLAM [3, 4] could bene t from the proposed method, because
case the robot did not move forward but rotated on the sptite uncertainty of the Maximum Likelihood can be estimated
Thus, the heading of the robat, can not be determined. Thiseasily from the full likelihood. For example by tting a Von
is correctly re ected by the estimated posterior. The iotat Mises or mixture of Von Mises distributions on the discretiz
on the other hand, can be determined. This can be seen bylikelihood space [28].

Another task that is very much suited for the proposed
The proposed method could be readily applied on pargxample is that of topological mapping. Some state of the art
cle lter based robot localization schemes [33] where eadbpological mapping approaches use proper probabilista d
hypothesized robot pose can be weighed by the likelihoedsociation techniques to compare pairs of images [1]. How-
given newly acquired images. Also, geometric View basesler, in addition they apply ad hoc rules to check whether the

diagonal relationship betweghand

in the posterior.



matched point correspondences tin a certain local gegmetr 9]
estimated using RANSAC. Because of the probabilistic matur
of the proposed method, it is straightforward to combine it
with these proper data association techniques, ending ap in
fully probabilistic topological mapping method. (11]
[12]
VI. CONCLUSION

In this paper we propose a novel approach to solve plangs
relative pose estimation from image point correspondences
We have shown the advantage of discretizing and analyziHé]
the complete solution space, which is in the planar motion
case 2 dimensional. Probabilistic methods were propossd t15]
learn the likelihood over this space from a training set of
representative images. Experiments on challenging imetge $1¢)
acquired in real homes showed a 20% increase in accuracy
with respect to state of the art methods consisting of a plart%]
constrained RANSAC and M-Estimators.

In addition an ef cient technique was presented for buigdin
a concise look up table of the likelihood, reducing the eatim['®
tion process to simple look ups. Computing a full likelihood
given two images costs as little as 36 microsecond, as coii¥
pared to the 3 milliseconds RANSAC uses. This could even
be improved upon, for example, by using a multi-resolution
approach as described in [34], in which a small look up table i
used to isolate candidate areas for the ML solution, whieh df¥
then investigated further using a bigger look up table. Arot
possibility is implementing the method on a GPU, which cal@ll
much more quickly manipulate 2D histograms.

Continuing research will focus on taking advantage of thez)
full likelihood that is estimated by the method. We foresee
improvements in both geometric SLAM as in topologic
mapping, especially when it comes to uncertainty estimatio
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