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Abstract— Scan-matching based on data from a laser scanneris in the robotics community. The formulation of the SFM
frequently used for mapping and localization. This paper presents problem is similar to SLAM but in SFM the position of the
an scan-matching approach based instead on visual information 4 mera js typically estimated using only the visual information

from a stereo system. The Scale Invariant Feature Transform . . . .
(SIFT) is used together with epipolar constraints to get high whereas in SLAM additional information from odometry often

matching precision between the stereo images. Calculating the IS incorporated. Where SFM typically is performed offline
3D position of the corresponding points in the world results in by batch processing, SLAM aims at running in real time on
a visual scan where each point has a descriptor attached to it. a robot with all the challenges that this brings in terms of
These descriptors can be used when matching scans acquwedcomputationa| complexity, scalability, etc.

from different positions. . . .
Just like in the work with laser based scan matching a map Davison was one of the first to address the problem of visual

can be defined as a set of reference scans and their correspondingSLAM. In [15] a system is presented that uses a stereo rig to
acquisition point. In essence this reduces each visual scan thatdetect and fixate on visual landmarks. The extended Kalman

can consist of hundreds of points to a single entity for which only filter provides the framework for fusing odometry and visual
the corresponding robot pose has to be estimated in the map. jhtormation as well as information from accelerometers. The

This reduces the overall complexity of the map. . . . .
The SIFT descriptor attacEed t)(l) each of ?he points in the robot is able to build a map while traveling an undulated

reference allows for robust matching and detection of loop closing Course. In more recent work Davison has focused on single
situations. The paper presents real-world experimental results camera SLAM and in particular on how SLAM can be
from an indoor office environment. performed without any information from odometry. This is
important when the camera is hand held or mounted on a
human for example [19].

Simultaneous Localization and Mapping, or SLAM, is the Se, Lowe and Little [13], [14] use th&cale Invariant
process of concurrently building a map of the environment aféature Transformor SIFT invented by Lowe [20] in an EKF-
using that map for estimating the position of the robot. Thisased implementation of SLAM. In [21] a Rao-Blackwellised
is a key component in an autonomous mobile robot systgsarticle filter is instead applied to SLAM using SIFT features.
and as such has attracted a lot of attention in the roboticKarlsson et al. [16], [17] use a monocular camera and
community. combine this with SIFT features in the so called vSLAM

SLAM based on range sensors in indoor, structured, englgorithm. The 3D position of points is estimated through
ronments is now considered to be a mature technology witftructure from Motionusing three consecutive frames. The
the research community. As an example, several systems usioflection of 3D points along with their SIFT descriptors
ultra sonics sensors [1]-[3] and lately more often with a lasdefines a landmark in their map. The mapping process creates
scanner [4]-[9]. Range sensors provide mostly a geometriew landmarks when there is no correspondence between the
interpretation of the environment. Furthermore, an obstac®FT features in the current image and the previous landmarks.
with the laser scanner is that it is expensive which makesVisual SLAM has also been used in under-water appli-
it unfit for many applications, especially high volume typeations. In [22] a downward looking camera that overlooks
applications. the sea floor is used. The system uses an augmented state

In the last few years the focused has shifted from usin¢alman filter to estimate the position of the vehicle at the
laser scanners to visual systems [10]-[17]. The amount afrrent position and the past trajectory. Each position in the old
information available in images far surpasses that whattrajectory is represented by one image. The overlap between
laser scan provides but much more involved algorithms adéferent images can be used to create measurements.
needed to extract the information. However, a camera systenin this paper we work with a binocular camera|DERE
will probably offer a much more cost efficient solution aSTH—MDsC2—VAR—C and use the SIFT descriptor to match
computational power gets cheaper, and may therefore iheerest points between the two camera images. What sets this
applicable even to consumer type products. work apart from for example [13] that also use SIFT features

In the computer vision community the problem of structuris that we do not treat the individual points as landmark but
from motion (SFM) has been studied in parallel to SLAMnstead treat all the points that are matched between the two

I. INTRODUCTION



stereo images as one 3D scan much like a laser scan. Bsehe matching point the one closest to the current. Formally,
whole cluster of SIFT points can in this way be used to identifyqe matching can be expressed as:
the scan when matching new scans to old. 1) |6—6| < 20

The idea in this paper is to use the visual scans like in thep) || 5—§ ||2 <|| 58— &' ||2, V3’ € SIFT on the same row
abundance of work with laser based scan matching [4], [6].3) || 5—& |2 < 62000

[23]. That is, the raw scans together with the positions froWhere 62000~ 222 . 128 means a tolerance of about 8% for
where they were acquired define the map. Furthermore, jusf., couple of values of the two descriptors

like in [22] we will use the EKF framework with an augmente We perform matching both left image to right image and

state representation to demonstrate our idea. However, t to left an keep only those points that has a one-to-one
of the algorithms used for laser based scan matching can gtching

applied here as well. In contrast to the laser based counteY:Or each of the matching SIFT points we then calculate the

part our scans have very strong discriminative power than%B position. These 3D position along with the SIFT descriptor

to the SIFT points. The rest of the paper presents one IC)?rso'm, in our case, the left image defines our visual scan.

sible implementation of visual scan-matching to illustrate the
concept. B. Matching Visual Scans

II. VISUAL SCAN For each new ima}gg pair we prqduce a new visual scan
. _ . . and match this to existing scans. This matching is performed
As mentioned in the Introduction we use tBeale Invariant in steps. First we find all existing scans that are close to

Features Transfornor SIFT points by David Lowe [24]. Thesethe current pose of the robot. That is we select all visual

has become very popular both in the vision community fegfcan which the current scan is likely to be able to match.
example for object recognition and in robotics for examptehen, we use the estimated difference between the robot pose
as landmarks for SLAM. The strength of the SIFT is thajorresponding to the existing scan and the current pose to
it is invariant to scale changes and image rotation up fedict the image coordinates for the points from the existing
approximately 30 which allows for robust matching evenscan in the current image.
when the view point has changed. Currently, there is a fixed search window around the
This section just describes one way to extract and defipgedicted position of each point. The dimensions of these
the visual scans. The standard implementation available onlig;dows are 40< 14 pixels which allows for an uncertainty

from David Lowe is used for extracting the SIFT key pointsof +8° (horizontally) and+3° (vertically). For the matching
Points are detected as minimas and maximas of differengegween features in consequent images, similar conditions

of Gaussians across different images scales. Along with tgind in the stereo match are used:

location in the images, each point has a feature vector assoyy |15, -5, |12 <| 51—, 2, V3, € SIFT in the tolerance

ciated with it. This feature vector consists of the image pixel = /.

gradients calculate in 8 direction in a 4x4 grid around the ,y || 81— 82 ||* < 74000

point, which results in 4x4x8=128 values. In addition the scale . . L .

and dominant orientation for each point is stored. The condition on orientation is not used here and a blﬁ more
In particular the descriptor of 128 elements and the orienta 91 1S used when maitching the (()Jlescnptors, 7490 -

tion associated with each feature, are very robust to imai g8 means a tolerance of about 10%. .

changes and allows to track and recognize a point in a“atching is performed between the points in the two scans

sequence of consequent images, acquired along the robot pAtH!d the descriptors from the left images. Also here a 1-

Typically the Euclidean distance between the two descript Smat_ch IS required, that is, the matching is perfor.med n
are used to when matching two SIFT points. oth directions and only those matches that are consistent are

considered correct.

A. Creatin Vi | n
Creating a Visual Sca IIl. ESTIMATION OF RELATIVE DISPLACEMENT

To create the visual scans we have to match interest pomt%iven a set of matches between the current scan and an

between the two camera images acquired by the stereo systen., . . .

. . existing scan the relative displacement between the scans must
To make the matching between the left and right camera . :
. : . .-bé computed. This serves as the measurement in the system.
images easier we make sure that the images are rectified.

We exploits this and the fact that the geometry of stere e we use the method by Kanatani [25] to solve for the

system (baseline of 160mm) and the intrinsic parameters eg?solute orientation and to get the pose between two sets of

the camera, are known in the matching. points, represented in two reference systems:
As explained before, the Euclidean distance between the N , )
descriptors and the difference between the orientations is used ”Fytn.ZHWi — (Rwi+1)]| 1)
to verify the matching. To select the threshold for matching =
SIFT pointsp and p’ to 8% between the descriptobsd and If ¢ andc are thecentroidsof the sets and
20° between the orientatiorsand®’. For each point we pick w; =w; —c, w] =w/ —c each point of the two scans translated



with the relative centroid, it becomes possible to solve ah Visual Reference Scans

equation equivalent to Eq. 1 withotit In order to implement visual scan-matching we need to store
N visual reference scan and thus also define which scans to store.
min Zi||vvi —RwW/||? (2) The decision on what to turn into a reference scan is delayed
RS one step. That is, at stdpwe decide if the scan acquired

in stepk— 1 should become a reference scan. The scan in
stepk—1 is turned into a reference scan if in stepgve are
t=c—RC (3) unable to match to any existing reference scan but can match
to the previous scan. Notice here that we, by the definition of
Since the data is corrupted by noise like inaccurate featut® matching rules, cannot match to a scan that has too few
localization, intrinsic error in triangulation and false correpoints. Therefore we will not turn scans with too few points
spondences, it's not possible to use the minimization in Eq.i@o reference scans.
without any system to compensate these errors. The biggest
problem are the outliers caused by false correspondences,
because they give completely wrong informations about world. In this paper we used an augmented state Kalman filter for
In presence of outliers, Eq. 2 returns unreliable results. f§timating the current robot position and the position of the
address this problem we use the RANSAC algorithm (Randofigual reference scans, similar to [22].
Sample Consensus) [26]. The state vector starts out containing only the robot pose,
RANSAC is a voting protocol that permits good results x(K) = (xr(k)). (5)

with up 50% of outliers. This algorithm works with a set ] o ] ]
of elementsS and a model characterized Hy parameters. To allow for delaying the decision about turning a visual scan

Sis related to the couples of correspondences pointsEandlntO a visual reference scan one step we also keep the previous
to the poseR, t. RANSAC requires six parameter®, p robot pose in the state vector, i.e. disregarding the reference

e, N, T, t. P is the probability to randomly gep inliers SCans the state vector contains,

in N tries (P = 0.999) andp is the minimum number of X(K) = Xr (K) ©6)
points, to comput® andt with Kanatani knowing the intrinsic A\ (k=1)/"

parameters of the camer 5). € is the unknown percentage \yhen the previous scan is flagged as a reference scan we

of outliers (experimentally found = 0.35). The parameter gjmp)y |et the second state in the state vector, the previous pose
T is the unknown absolute number of inliers (in percentagg, aiso the current estimate of the pose of the new reference
T =1-¢) andt is the threshold for the vote. scan, transition into a reference position, i.e.

Now it is possible to findN with:

And finally to discover the translationwith:

IV. MAP ESTIMATION

x: (K) Xr(K+1)
P = 1-(1—(1—¢)PN x(k) = ) = xk+1) = Xy (K) ,
Xr(k—1)
0999 = 1—(1—(1-035%N x1(k+1) =xr(k—=1) @
=N = 56 wherex, (k+ 1) is the new robot pose after the next step has
been taken.

The \{alue ot F'epe”ds on the average dlst_ance of e_ach C.OUpleThis process continues by augmenting the state vector for
of points (Z,Z’) to the camera. The following equation 9VeSery new reference scan

the uncertainty of a general triangulated point:

2 Xy (K)
Nz= %’ - dimPixelCCD 4) Xr)g:(;)l)
x(K) = . , (8)
wherez= ”Tz/ b is the baselinef is the focal length andv .
is the precision in the point coordinates. This is correct if the x2(K)
disparity of two corresponding points is perfect. To account x1(K)

for more realistic cases an experimental constami= 1.88 where N is the number of reference scans. When revisiting
is multiplied to Az in order to increase the uncertainty. Socareas new visual reference scans do not need to be added if
finally t = unZ-Az The relative displacement is now foundhe robot can navigate with respect to already existing scans.
with 56 iterations of RANSAC and Kanatani. The pose that This augmented state Kalman filter implementation is just
accumulates the most votes is chosen and the corresponding of many possible ways to realize visual scan-matching.
matches are used to calculate the final estimate of the relatiisen though the representation with reference scans reduces
displacement. the number of states in the state vector with respect to keeping
To remove highly uncertain matches we use a threshold aif the individual SIFT points as in [14] the Kalman filter still

T = 65% and also require that we have at least 10 matchisgales badly. As an example the FastSLAM algorithm could
points. be used as in [6] with laser based scan matching.
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Fig. 1. Left: The experimental platform, the PowerBot Dumbo from ActivMedia. Right: A close up of the Videre stereo rig used in the experiments.

V. EXPERIMENTAL EVALUATION how drift causes the estimate to deteriorate but how at the end

. . when the robot re-observes some of the initial reference scans
We performed the experimental evaluation on a PowerBfP].s is corrected

robot equipped with a \OERE STH—-MDSC2-VAR—C stereo Figure 4 a histogram is shown over the number of points

ig. Th I f th . . X
irrl19Fig eerbOt and a close up of the stereo system can be SBEP scan. The visual scans contains up to 206 scan points. In

For the evaluation we drove the robot around in our indog)crmlI there are 126 reference scans and a total of 8333 points
office environment alona a traiectory starting in one roon|1n the map. Using the reference scans has thus reduced the

. "9 16 y 9 number of landmarks from 8333 to 126, i.e., a factor of 66.
passing through a corridor section to another room and t

. o is is not entirely true though as some of the points will be
back ending up at almost exactly the same position as the . .

. . . represented in more than one reference scan but it is clearly a
start position. Figure 2 shows some images from the thé . . X ;
environment véry large reduction and at the same time the map still contains

all the descriptive power of using all points.
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Fig. 2. Some images from the environment. The top row shows to differerft
views from the room where the robot start. On the lower row the first image
shows the view when driving out of the starting room and the second shows
the rather sparse corridor. Fig. 4. Histogram showing the number of points per scan.

250

Figure 3 shows snapshots of the positions of the referencerigure 5 shows the final map with all points from the
scan poses along the trajectory. The uncertainty in the refdifferent reference scans overlayed. Notice how the scans are
ence positions are illustrated with uncertainty ellipses. Noticgcely aligned.
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Fig. 3. The figure shows the position and uncertainty of the reference scan positions at different time during the building of the map. Notice how the map
is corrected when the loop is closed and the robot successfully matches to some of the initial reference scans.
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Fig. 5. The resulting map with with all the reference scans overlayed. The map consists of 8333 points in total but only 126 visual reference scan. The 'x’
mark the position of the robot pose corresponding to the reference scans.
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