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Abstract

A key component of a mobile robot systemis the abilit y to localizeitself accurately

and simultaneously build a map of the environment. Most of the existing algorithms

are basedon laser range ¯nders, sonar sensorsor arti¯cial landmarks. In this paper,

a vision-based mobile robot localization and mapping algorithm is described which

usesscale-invariant image featuresas natural landmarks in unmodi¯ed environments.

The invarianceof thesefeaturesto imagetranslation, scalingand rotation makesthem

suitable landmarks for mobile robot localization and map building. With our Triclops

stereovision system, theselandmarks are localized and robot ego-motion is estimated

by least-squaresminimization of the matched landmarks. Feature viewpoint variation

and occlusionaretakeninto account by maintaining a view direction for each landmark.

Experiments show that these visual landmarks are robustly matched, robot pose is

estimated and a consistent 3D map is built. As image features are not noise-free,we

carry out error analysisfor the landmark positions and the robot pose. We useKalman

Filters to track these landmarks in a dynamic environment, resulting in a database

map with landmark positional uncertainty.

¤Author for correspondence
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1 In tro duction

Mobile robot localization and mapping, the processof simultaneously tracking the position

of a mobile robot relative to its environment and building a map of the environment, has

been a central research topic in mobile robotics. Accurate localization is a prerequisite

for building a good map, and having an accurate map is essential for good localization.

Therefore, Simultaneous Localization And Map building (SLAM) is a critical underlying

factor for successfulmobile robot navigation in a large environment, irrespective of what

the high-level goalsor applications are.

To achieve SLAM, there are di®erent types of sensormodalities such as sonar, laser

range ¯nders and vision. Sonar is fast and cheap but usually very crude, whereasa laser

scanningsystemis active, accuratebut slow. Vision systemsare passive and of high resolu-

tion. Many early successfulapproaches[Borensteinet al., 1996] utilize arti¯cial landmarks,

such as bar-code re°ectors, ultrasonic beacons,visual patterns, etc., and therefore do not

function properly in beacon-freeenvironments. Therefore, vision-basedapproaches using

stable natural landmarks in unmodi¯ed environments are highly desirablefor a wide range

of applications. The map built from these natural landmarks will serve as the basis for

performing high-level tasks such as mobile robot navigation.

1.1 Literature Review

Harris's 3D vision system DROID [Harris, 1992] usesthe visual motion of image corner

featuresfor 3D reconstruction. Kalman ¯lters are usedfor tracking featuresand from the

locations of the tracked image features, DROID determinesboth the cameramotion and

the 3D positions of the features. Ego-motion determination by matching image featuresis

generally very accurate in the short to medium term. However, in a long image sequence,

long-term drifts can occur as no map is created. In the DROID systemwhere monocular

imagesequencesare usedwithout odometry, the ego-motionand the perceived 3D structure

can be self-consistently in error. It is an incremental algorithm and runs at near real-time.

Thrun et al. [Thrun et al., 1998] proposeda probabilistic approach usingthe Expectation-
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Maximization (EM) algorithm. The E-stepestimatesrobot locationsat variouspoints based

on the currently best available map and the M-step estimatesa maximum likelihood map

basedon the locations computed in the E-step. EM searches for the most likely map by

simultaneouslyconsideringthe locationsof all past sonarscans.Being a batch algorithm, it

is not incremental and cannot be run in real-time.

Thrun et al. [Thrun et al., 2000] proposeda real-time algorithm combining the strengths

of EM algorithms and incremental algorithms. Their approach computesthe full posterior

probability over robot posesto determinethe most likely pose,insteadof just usingthe most

recent laserscanasin incremental mapping. The mapping is achieved in 2D usinga forward-

looking laser and an upward-pointed laser is used to build a 3D map of the environment.

However, it does not scaleto large environments as the calculation cost of the posterior

probability is too expensive.

The Monte Carlo Localization method wasproposedin [Dellaert et al., 1999] basedon the

CONDENSATION algorithm. This vision-basedBayesian¯ltering method usesa sampling-

baseddensity representation and canrepresent multi-modal probability distributions. Given

a visual map of the ceiling obtained by mosaicing, it localizes the robot using a scalar

brightnessmeasurement. [Jensfeltet al., 2000] proposedsomemodi¯cations to this algorithm

for better e±ciency in large symmetric environments. CONDENSATION is not suitable for

SLAM due to scalingproblemsand henceit is only usedfor localization.

In SLAM, as the robot poseis being tracked continuously, multi-modal representations

are not needed.Grid-basedrepresentation is problematic for SLAM becausemaintaining all

grid positions over an entire region is expensive and grids are di±cult to match.

Using global registration and correlation techniques,[Gutmann and Konolige, 1999] pro-

poseda method to reconstruct consistent global mapsfrom laserrangedata reliably. Their

poseestimation is achieved by scan matching of dense2D data and is not applicable to

sparse3D data from vision.

[Sim and Dudek, 1999] proposed learning natural visual features for poseestimation.

Landmark matching is achievedusingprincipal components analysisand a tracked landmark

is a set of image thumbnails detected in the learning phase,for each grid position in pose

3



space.It doesnot build any map for the environment.

In SLAM, a robot starts at an unknown location with no knowledgeof landmark posi-

tions. From landmark observations, it simultaneously estimatesits location and landmark

locations. The robot then builds up a completemap of landmarkswhich are usedfor robot

localization. In stochastic mapping [Smith et al., 1987], a single ¯lter is usedto maintain

estimatesof robot position, landmark positions and the covariancesbetweenthem.

Many existing systems[Leonard and Durrant-Whyte, 1991; Castellanoset al., 1999;

Williams et al., 2000] are basedon this framework but the computational complexity of

stochastic mapping is O(n2) and henceincreasesgreatly with the map size.

Variousapproacheshavebeendevelopedto reducethis complexity problem. Sub-optimal

methodscanprovide speedier̄ ltering by neglectingsomeof couplingin the landmarks[Castel-

lanoset al., 2000]. Decoupledstochastic mapping reducesthis computational burden by di-

viding the environment into multiple overlappingsubmapregions,each with its own stochas-

tic map [Leonard and Feder,1999].

The postponement technique [Davison, 1998;Knight et al., 2001] is an optimal method

which updates a constant-sized data set basedon current measurements and carries out

updates on all unobserved parts of the map at a later stage. Essentially , it gathersall the

changesthat would need to be made at each step, and then carries out an expensive full

map update occasionally.

The compressed̄lter proposedby Guivant and Nebot [Guivant and Nebot, 2001] does

not a®ectthe optimalit y of the systemwhile signi¯cantly reducesthe computation require-

ments when working in local areas.It only maintains the information gainedin a local area

and then transfers to the overall map in one iteration at full SLAM computation cost.

Most of the existing mobile robot localization and mapping algorithms are basedon

laser or sonar sensors,as vision is more processorintensive and good visual features are

more di±cult to extract and match. Existing vision-basedapproachesuselow level features

such asvertical edges[Castellanoset al., 1999] and have complexdata association problems.

Our approach useshigh level image featureswhich are scaleinvariant, greatly facilitating

feature correspondence. Moreover, these featuresare distinctive and therefore their maps
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allow e±cient algorithms to tackle the `kidnapped robot' problem [Seet al., 2001a].

1.2 Paper Structure

In this paper, we propose a vision-basedSLAM algorithm by tracking the SIFT visual

landmarks in unmodi¯ed environments [Se et al., 2001b]. As our robot is equipped with

the Triclops1, a trino cular stereosystem,3D position of the landmarkscan be obtained and

hencea 3D map can be built and the robot can be localized simultaneously in 3D. The

3D map, represented as a SIFT feature database,is constantly updated over frames and

adaptive to dynamic environments.

Section 2 explains the SIFT features and the stereo matching process. Ego-motion

estimation by matching features acrossframes is described in Section 3. SIFT database

landmark tracking is presented in Section4 with experimental results shown in Section5,

where our 10m by 10m lab environment is mapped with thousands of SIFT landmarks.

Section6 describessomeenhancements to the SIFT database. Error analysisfor both the

robot position and the landmark positions is carried out in Section7, resulting in a SIFT

databasemap with landmark uncertainty. Finally, we concludeand discusssomefuture

work in Section8.

2 SIFT Stereo

SIFT (ScaleInvariant Feature Transform) was developed by Lowe [Lowe, 1999] for image

feature generation in object recognition applications. The featuresare invariant to image

translation, scaling, rotation, and partially invariant to illumination changesand a±ne or

3D projection. Thesecharacteristicsmake them suitable landmarks for robust SLAM, since

when mobile robots are moving around in an environment, landmarks are observed over

time, but from di®erent angles,distancesor under di®erent illumination.

Previous approaches to feature detection, such as the widely usedHarris corner detec-

tor [Harris and Stephens,1988], are sensitive to the scaleof an imageand thereforeare not

suited to building a map that can be matched from a rangeof robot positions.

1www.ptgrey.com
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At each frame, we extract SIFT featuresin each of the three imagesand stereomatch

them amongthe images.MatchedSIFT featuresarestableandwill servebetter aslandmarks

for the environment to be trackedover time. Moreover, stereomatchedfeaturesprovide their

3D world positions.

2.1 Generating SIFT Features

The SIFT feature locationsare determinedby identifying repeatablepoints in a pyramid of

scaledimages.This is computedby ¯rst smoothing the imagewith a Gaussiankernel with

a sigma of
p

2. The smoothed image is subtracted from the original image, to produce a

di®erence-of-Gaussianimage. The smoothed image is then resampledwith a pixel spacing

1.5 times larger to produce the next level of the image pyramid, and the operations are

repeated at decreasingscalesuntil the image size is too small for feature detection. This

is a particularly e±cient scale-spacestructure, as the operationsof smoothing, subtraction,

and subsamplingcan all be performedwith a few dozenoperations per pixel.

Feature locations are identi¯ed by detecting maxima and minima in the di®erence-of-

Gaussianpyramid. This is e±ciently implemented by comparingeach pixel to its surround-

ing pixels and thoseat adjacent scales.A changein scaleof the original imagewill produce

a corresponding changein the scaleat which the critical point is detected.

The di®erence-of-Gaussianfunction is circularly symmetric, so feature locations are in-

variant to changesin image orientation. The SIFT featuresthen assigna canonicalorien-

tation at each location so that descriptionsrelative to this orientation will remain constant

following imagerotation. The orientation is selectedby determining the peakin a histogram

of the local image gradient orientations sampledover a Gaussian-weighted circular region

around the point.

Figure 1 shows the SIFT features that were found for the top, left, and right images

taken with our Triclops cameras.A subpixel location, scaleand orientation are associated

with each SIFT feature. The scaleand orientation of each feature is indicated by the size

and orientation of the corresponding square. The imageresolution is 320x240and 8 levels

of scalewereused. There wereabout 180featuresfound in each image,which wassu±cient
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(a)

(b) (c)

Figure 1: SIFT features found, with scale and orientation indicated by the sizeand orienta-
tion of the squares. (a) Top image. (b) Left image. (c) Right image.

for this task, but if desiredthe number could be increasedby processingall scalesand using

full imageresolution.

2.2 Stereo Matc hing

In the Triclops system,the right cameraservesasthe referencecamera,asthe left camerais

at 10cmright besideit and the top camerais at 10cmdirectly above it. We will ¯rst match

the right and left imagesand then match the resulting matcheswith the top image.

7



2.2.1 Stage I: Righ t to Left Matc h

For a SIFT feature in the right image and a SIFT feature in the left image to match, the

following criteria should be satis¯ed:

Epip olar constrain t. The vertical imagecoordinatesmust be within 1 pixel of each other,

as the imageshave beenaligned and recti¯ed.

Disparit y constrain t. The horizontal imagecoordinatesof the left imagemust be greater

than that of the right image and the di®erencebe within someprede¯ned disparity

range(currently 20 pixels).

Orien tation constrain t. The di®erenceof the two orientations must be within 20degrees.

Scale constrain t. One scalemust be at most one level higher or lower than the other.

Adjacent scalesdi®erby a factor of 1.5 in our SIFT implementation.

Unique matc h constrain t. If a feature has more than one match satisfying the above

criteria, the match is ambiguousand discardedsothat the resulting matchesare more

consistent and reliable.

After matching the SIFT features,we retain a subsetof the right imageSIFT features

which match to someSIFT featuresin the left image. Thesematchesallow us to compute

the subpixel horizontal disparity for each matched feature in this subset.

2.2.2 Stage I I: Righ t to Top Matc h

For the next stage,weusethe top imageto re¯ne this intermediatesubset.The criteria to be

satis¯ed aresimilar to the onesin StageI and we obtain a subsetof this intermediatesubset.

The resulting matches allow us to compute the subpixel vertical disparity. An additional

constraint is employed here to re¯ne this ¯nal set: the horizontal disparity and the vertical

disparity of each match must be within 1 pixel of oneanother.

The orientation and scaleof each matched SIFT feature are taken as the averageof

the orientation and scaleamong the corresponding SIFT feature in the left, right and top
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images. The disparity is taken as the averageof the horizontal disparity and the vertical

disparity. Togetherwith the positions of the featuresand the cameraintrinsic parameters,

we can computethe 3D world coordinates(X ; Y; Z ) relative to the robot for each feature in

this ¯nal set.2 They can subsequently serve as landmarks for map building and tracking.

2.3 Results

For the three imagesshown in Figure 1, stereomatching is carried out on the SIFT features.

After stageI matching betweenthe right and left images,the number of resulting matches

is 106. After stageII matching with the top image,the ¯nal number of matchesis 59. The

result is shown in Figure 2(a), whereeach matchedSIFT featureis marked. The length of the

horizontal line indicates the horizontal disparity and the vertical line indicates the vertical

disparity for each feature. Figure 2(b), (c), (d) and (e) show more SIFT stereoresults for

slightly di®erent views when the robot makes somesmall translation and rotation. There

are around 60 ¯nal matchesin each view.

Slightly di®erent values for the various constraints have been tested and their e®ect

on the stereoresults is very small. The matchesare stable with respect to the constraint

parameters.Relaxingsomeof the constraints abovedoesnot necessarilyincreasethe number

of ¯nal matchesbecausesomeSIFT featureswill then have multiple potential matchesand

thereforebe discarded.

3 Ego-motion Estimation

After SIFT stereomatching, we obtain

[rm ; cm ; s;o;d;X ; Y; Z ]

for each matchedSIFT feature,where(r m ; cm ) is the measuredimagecoordinatesin the ref-

erencecamera,(s;o;d) are the scale,orientation and disparity associated with each feature,

(X ; Y; Z ) are the 3D coordinatesof the landmark relative to the camera.

2Alternativ ely, 3D positions can be obtained by minimizing the intersection errors of the three rays for
the right, left and top images.
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(a)

(b) (c)

(d) (e)

Figure 2: Stereo matching results for di®erent views from a moving robot. The horizontal
line indicates the horizontal disparity and the vertical line indicates the vertical disparity.
Closer objects wil l havelarger disparities. Tracking resultsare shownin Figure 3.
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To build a map, we needto know how the robot has moved betweenframesin order to

put the landmarks together coherently. The robot odometry [Borenstein and Feng, 1996]

only givesa rough estimate and it is prone to error such as drifting, slipping, etc.

Wewould thereforelike to improve the odometry estimateof the ego-motionby matching

SIFT featuresbetweenframes. To ¯nd matchesin the secondview, the odometry information

allows us to predict the region to search for each match, and hencemore e±ciently, as

opposedto searching in a much larger unconstrainedregion.

Once the SIFT features are matched, we can then use the matches in a least-squares

procedureto compute a more accurate6 degreesof freedomcameraego-motionand hence

better localization. This will alsohelp adjusting the 3D coordinatesof the SIFT landmarks

for map building.

3.1 Predicting Feature Characteristics

As our robot is restricted to approximate 2D planar motion, the odometry gives us the

approximate movement (p;q) in X and Z directions as well as the orientation rotation (±).

Given (X ; Y; Z ), the 3D coordinates of a SIFT landmark and the odometry, we can

compute (X 0; Y 0; Z 0), the relative 3D position in the new view:
2

6
4

X 0

Y 0

Z 0

3

7
5 =

2

6
4

(X ¡ p) cos±¡ (Z ¡ q) sin±
Y

(X ¡ p) sin±+ (Z ¡ q) cos±

3

7
5 (1)

Using the typical pinhole camera model, we project this 3D position to its expected

imagecoordinatesand compute its expecteddisparity in the new view:
2

6
4

r 0

c0

d0

3

7
5 =

2

6
4

v0 ¡ f Y 0=Z 0

u0 + f X 0=Z 0

f I =Z 0

3

7
5 (2)

where (u0; v0) are the image centre coordinates, I is the interocular distance and f is the

focal length. The expected SIFT orientation remainsunchanged. As the scaleis inversely

related to the distance,the expectedscaleis given by:

s0 =
s ¤ Z

Z 0

We can search for the appropriate SIFT landmark match basedon the following criteria:
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Figure Movement
Figure 2(a) Initial position
Figure 2(b) Forward 10cm
Figure 2(c) Rotate clockwise 5±

Figure 2(d) Forward 10cm
Figure 2(e) Rotate clockwise 5±

Table 1: Robot movement accordingto odometry for the various views.

Figures to match Number of matches Percentage of matches
Figure 2(a) and (b) 43 73%
Figure 2(b) and (c) 41 68%
Figure 2(c) and (d) 35 64%
Figure 2(d) and (e) 33 60%

Table 2: Number of matchesacrossframesand the percentage of matchesfor the di®erent
views,basedon the SIFT featuresfound in Figure 2.

Position. The feature in the new view must be within a 10 by 10 pixels region of the

expectedfeature position (r 0; c0).

Scale. The expectedscaleand the measuredscalemust be within 20%of each other.

Orien tation. The orientation di®erencemust be within 20 degrees.

Disparit y. The predicted disparity and the measureddisparity in the secondview must be

within 20%of oneanother.

3.2 Matc h Results

For the imagesshown in Figure 2, the rough robot movement from odometry is tabulated

in Table 1.

The consecutive frames are matched according to the criteria described above. The

matches are stable with respect to the criteria parameters. The speci¯cit y of the SIFT

features allows the correct features to be matched even if the window size is increased.

Table 2 shows the number of matchesacrossframesand the percentage of matchesfor the

di®erent views.
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(a) (b)

(c) (d)

Figure 3: The SIFT feature matchesbetween consecutive frames: (a) Between Figure 2(a)
and (b) for a 10cm forward movement. (b) Between Figure 2(b) and (c) for a 5± clockwise
rotation. (c) Between Figure 2(c) and (d) for a 10cm forward movement. (d) Between
Figure 2(d) and (e) for a 5± clockwiserotation.

Figure 3 shows the match results visually where the shift in image coordinates of each

feature is marked. The white dot indicatesthe current position and the white crossindicates

the new position, with the line showing how each matched SIFT feature moves from one

frame to the next, analogousto sparseoptic °ow. Figures 3(a) and (c) are for a forward

motion of 10cmand Figures 3(b) and (d) are for a clockwise rotation of 5±. It can be seen

that all the matchesfound are correct and consistent.

13



3.3 Least-Squares Minimization

Oncethe matchesare obtained, ego-motionis determinedby ¯nding the cameramovement

that would bring each projected SIFT landmark into the best alignment with its matching

observed feature. To minimize the errors betweenthe projected imagecoordinates and the

observed imagecoordinates, we employ a least-squaresprocedure[Lowe, 1992] to compute

this 6 d.o.f. cameraego-motion.

Rather than solving directly for the 6 d.o.f. vector of camera ego-motion, Newton's

method computes a vector of corrections x to be subtracted from the current estimate,

namely the odometry estimate p:

p0 = p ¡ x

Given a vector of error measurements e betweenthe expectedprojection of the SIFT land-

marks and the matched imageposition observed in the new view, we would like to solve for

an x that would eliminate this error. Therefore,we would like to solve for x in:

J x = e

where J is the Jacobian matrix J i;j = @ei =@x j . If there are more measurements than

parameters,a least-squaresminimization [Gelb, 1984] is carried out and x is given by:

J> J x = J> e (3)

3.4 Setting up the Equation

The ego-motionp in this caseis the 6-vector:

[x y z µ ®¯ ]>

where[x y z]> are the translations in X,Y,Z directions, [µ ®¯ ]> are the yaw, pitch and roll

respectively. Although the odometry only givesus 3 d.o.f., namely the translations in X and

Z directions and the orientation, we usea full 6 d.o.f. for the generalmotion to account for

small non-planar motions.
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The error vector e is of size2N whereN is the number of SIFT featurematchesbetween

views:

[er 1 ec1 er 2 ec2 : : : er N ecN ]>

where (er i ; eci ) are the row and column errors for the i th match. We can estimate the new

3D position (X 0
i ; Y 0

i ; Z 0
i ) from the previous3D position (X i ; Yi ; Z i ) usingodometry according

to Equation 1. Afterwards, we can predict its projection (r 0
i ; c0

i ) in the new view using

Equation 2. Togetherwith the measuredimageposition (r mi ; cmi ) for the matches,we can

compute this error vector e where

er i = r 0
i ¡ rmi

eci = c0
i ¡ cmi

J is a 2N by 6 matrix whose(2i ¡ 1)th row is

[
@r i

@x
@r i

@y
@r i

@z
@r i

@µ
@r i

@®
@r i

@̄
]

and whose2i th row is

[
@ci

@x
@ci

@y
@ci

@z
@ci

@µ
@ci

@®
@ci

@̄
]

The computation of thesepartial derivativesis donenumerically. For example,to compute

@ci =@x, we perturb x by a small amount ¢ x and computehow much ci changes,i.e.,

¢ ci = (u0 +
f (X 0

i ¡ ¢ x)
Z 0

i
) ¡ (u0 +

f X 0
i

Z 0
i

)

The rate of change¢ ci =¢ x of ci with respect to x approximates @ci =@x as ¢ x tends to 0.

Similarly for the other partial derivativesterms.

We useGaussianelimination with pivoting to solve Equation 3 which is a linear system

of six equations. The least-squareserror ê can be computed using the correction terms x̂

found:

ê = J x̂

and for each feature, the residual error E i is given by:

E i =
q

ê2
r i + ê2

ci
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Figure Odometry Mean E i Least-SquaresEstimate
3(a) q=10cm 1.125 [1.353cm,-0.534cm,11.136cm,

0:059±,¡ 0:055±,¡ 0:029±]
3(b) ±=5± 1.268 [0.711cm,0.008cm,-0.989cm,

4:706±,0:059±,¡ 0:132±]
3(c) q=10cm 0.882 [-0.246cm,-0.261cm,9.604cm,

0:183±,0:089±,¡ 0:101±]
3(d) ±=5± 1.314 [1.562cm,0.287cm,-0.562cm,

4:596±,0:004±,¡ 0:073±]

Table3: Least-squaresestimateof the six degreesof freedomrobot ego-motionbasedon the
SIFT featuresmatchesacrossframesin Figure 3.

The good feature matching quality implies very high percentage of inliers, therefore,

outliers are simply eliminated by discardingfeatureswith signi¯cant residualerrorsE i (cur-

rently 2 pixels). The minimization is repeated with the remainder matches, to obtain the

new correction terms.

3.5 Results

For each of the motion matches shown in Figure 3, we passall the SIFT matches to the

least-squaresprocedurewith the odometry asthe initial estimateof ego-motion.The results

obtained are shown in Table 3, wherethe least-squaresestimate [x; y; z; µ; ®; ¯ ] corresponds

to the translations in X, Y, Z directions, yaw, pitch and roll respectively.

A 3D geometricrepresentation should retain valuable structural information while dis-

carding the large amount of redundant pixel data in an image. This is crucial for real-time

computer vision and mobile robot systemsbecausethere are too many pixels in a video-

rate imagesequencefor processing.Corner featureswereusedin [Harris, 1992] for tracking

whereaswe employed SIFT featuresfor our system. SIFT featuresare largely invariant to

translations, scaling, rotation, and illumination changes,and henceare more stable than

cornersfor tracking over time.

We observe the samescenefrom slightly di®erent directions at various distancesand

investigatethe stabilit y of SIFT landmarks in the environment.

Figure 4 shows six views of the samescene:Figure 4(b) at the original robot position,
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(a) (b) (c)

(d) (e) (f )

Figure 4: A scene observed from di®erent views. The four landmarksconsidered are num-
bered in (a).

Figure 4(a) at the samedistancearound 10± from the left, Figure 4(c) at the samedistance

around 10± from the right, Figure 4(e) around 60cm in front, Figure 4(d) around 60cm in

front and 10± from the left, Figure 4(f) around 60cmin front and 10± from the right.

We comparethe SIFT scaleand orientation of somelandmarks which appear in all 6

views, as marked on Figure 4(a). Since the SIFT scale is inversely proportional to the

distance, we use a scalemeasuregiven by the product between the SIFT scaleand the

landmark distance,which should remain more or lessunchangedwhen observed at di®erent

views. The orientation is currently obtained at a discretizedspace.

The results in Table 4 show the scalemeasureand the orientation of the corresponding

landmarks from di®erent views in Figure 4(a) to (f ).

We can seethat for each landmark, the scalemeasureand orientation are very stable

from di®erent views. This will allow landmarks to be matched consistently acrossframes.
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(Scale,Orientation) Landmark 1 Landmark 2 Landmark 3 Landmark 4
View (a) (23.42,-1.31) (10.69,-1.66) (17.34,1.48) (10.31,-1.48)
View (b) (23.28,-1.31) (10.60,-1.66) (17.37,1.48) (10.44,-1.48)
View (c) (24.27,-1.31) (10.87,-1.66) (17.54,1.48) (10.50,-1.48)
View (d) (22.91,-1.31) (11.91,-1.66) (15.68,1.43) (9.22,-1.48)
View (e) (22.99,-1.31) (9.84,-1.66) (15.10,1.48) (9.26,-1.48)
View (f ) (22.95,-1.31) (9.82,-1.66) (16.34,1.48) (9.48,-1.48)

Table 4: The scaleand orientation for someSIFT landmarks from di®erent views, showing
the landmark stabilit y. The scalemeasureis given by the product betweenthe SIFT scale
and the landmark distanceand the orientation is obtained at a discretizedspace.

4 Landmark Tracking

After matching SIFT featuresbetweenframes,we would like to maintain a databasemap

containing the SIFT featuresdetectedand usethis databaseof landmarksto match features

found in subsequent views. The initial cameracoordinates frame is usedas referenceand

all landmarks are relative to this frame.

For each SIFT feature that hasbeenstereomatched and localizedin 3D coordinates, its

entry in the databaseis:

[X ; Y; Z; s;o;l ]

where (X ; Y; Z ) is the current 3D position of the SIFT landmark relative to the initial

coordinates frame, (s;o) are the scaleand orientation of the landmark, and l is a count to

indicate how many consecutive framesthis landmark hasbeenmissed.

Over subsequent frames,we would like to maintain this database,add new entries to it,

track featuresand prune entries when appropriate, to cater for dynamic environments and

occlusions.

4.1 Track Main tenance

Between frames, we obtain a rough estimate of cameraego-motion from robot odometry

to predict the feature characteristics for the landmarks in the next frame, as discussedin

Section3.1. There are the following typesof landmarks to consider:
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T yp e I. This landmark is not expectedto be within view in the next frame. Therefore, it

is not being matched and its misscount remainsunchanged.

T yp e I I. This landmark is expectedto be within view, but no matchescanbe found in the

next frame. Its misscount is incremented by 1.

T yp e I I I. This landmark is within view and a match is found according to the position,

scale,orientation and disparity criteria described before. Its misscount is reset to 0.

T yp e IV. This is a new landmark corresponding to a SIFT feature in the new view which

doesnot match any existing landmarks in the database.A new track is initiated with

a misscount of 0.

All the Type II I featuresmatchedare then usedin the least-squaresminimization proce-

dure to obtain a better estimatefor the cameraego-motion. The landmarks in the database

areupdated by averagingfor now. This update will be basedon Kalman ¯lters [Bar-Shalom

and Fortmann, 1988] and the least-squaresego-motionestimatewill be processedfurther in

Section7.

If there are insu±cient Type II I matchesdue to occlusionfor instance,the odometry will

be usedas the ego-motionfor the current frame.

4.2 Track Initiation

Initially the databaseis empty. When SIFT featuresfrom the ¯rst frame arrive, we start a

new track for each of the featuresinitializing their misscount l to 0. In subsequent frames,

a new track is initiated for each of the Type IV features.

We may change this policy to only initiate a track when a particular feature appears

consistently over a few frames.

4.3 Track Termination

If the miss count l of any landmark in the databasereachesa prede¯ned limit N (20 was

usedin experiments), i.e., this landmark hasnot beenobservedat the position it is supposed
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to appear for N consecutive times, this landmark track is terminated and pruned from the

database. Instead of discarding a missedtrack immediately, we can cater for temporary

occlusionby adjusting N. Moreover, this can deal with volatile landmarks like chairs. After

a movable landmark has been moved, its old entry will be discarded as it is no longer

observed at the expectedposition, and its new entry will be added.

4.4 Field of View

To check whetheror not a landmark in the databaseis expectedto bewithin the ¯eld of view

in the next frame, we compute the expected 3D coordinates (X 0; Y 0; Z 0) from the current

coordinatesand the odometry, accordingto Equation 1.

The landmark is expectedto bewithin view if the following three conditionsaresatis¯ed:

² Z 0 > 0 for being in front of the camera

² tan¡ 1(jX 0j=Z 0) < V=2 for being within the horizontal ¯eld of view

² tan¡ 1(jY 0j=Z 0) < V=2 for being within the vertical ¯eld of view

whereV is the camera¯eld of view, currently 60± for the Triclops camera.

5 Exp erimen tal Results

SIFT feature detection, stereo matching, ego-motion estimation and tracking algorithms

have been implemented in our robot system, a Real World Interface (RWI) B-14 mobile

robot as shown in Figure 5. A SIFT databaseis kept to track the landmarks over frames.

As the robot cameraheight doesnot changemuch over °at ground, we have reducedthe

estimation to 5 parameters,forcing the height changeparameter to 0. Depending on the

distribution of featuresin the scene,there can be someambiguity betweena yaw rotation

and a sideways movement, which is a well-known problem. The odometry information can

be usedto stabilize our least-squaresminimization in theseill-conditioned cases.

Moreover, we set a limit to the correction terms allowed for the least-squaresminimiza-

tion. Becausethe odometry information for betweenframe movement shouldbe quite good,
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Figure 5: Our RWI B-14 mobile robot equipped with the Triclops.

the correction terms required should be small. This will safeguardframeswith erroneous

matchesthat may leadto excessive correctionterms and messup the subsequent estimation.

The odometry information only gives the X,Z movement and rotation of the robot, but

our ego-motion estimation determines the movement of the camera. Since the Triclops

systemis not placedin the centre of the robot, we needto adjust the odometry information

to give an initial approximation for the cameramotion. For example,a mererobot rotation

doesnot lead to changesin X and Z valuesof the odometry, but the cameraitself will have

displacedin the X and Z directions.

The following experiment wascarried out online, i.e., imagesarecapturedand processed,

databaseis kept and updated on the °y while the robot is moving around. We manually

drive the robot to go around a chair in the lab for one loop and comeback. At each frame,

it keepstrack of the SIFT landmarks in the database,addsnew onesand updatesexisting

onesif matched.

Figure 6 showssomeframesof the 320x240imagesequence(249framesin total) captured

while the robot is moving around. The white markers indicate the SIFT features found.
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(a) (b) (c)

(d) (e) (f )

(g) (h) (i)

Figure 6: Framesof an imagesequence with SIFT featuresmarked. (a) 1st frame. (b) 30th
frame. (c) 60th frame. (d) 90th frame. (e) 120th frame. (f ) 150th frame. (g) 180th frame.
(h) 210th frame. (i) 240th frame.
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Figure 7: Bird's eyeviewof the SIFT landmarksin the database. The crossat (0,0) indicates
the initial robot position and the dashed line indicates the robot path while obtaining the
imagesshownin Figure 6.

At the end, a total of 3590SIFT landmarks with 3D positions are gathered in the SIFT

database,which are relative to the initial coordinates frame. The typical time required for

each iteration is around 0.4 { 0.5 seconds,in which the majorit y time is spent on the SIFT

feature detection stage.

Figure 7 showsthe bird's eyeview of all theselandmarks. Consistent clustersareobserved

corresponding to objects such as chairs, shelves,postersand computersin the scene.

In this experiment, the robot has traversedforward more than 4 metresand then come

back. The maximum robot translation and rotation speedsare set to around 40cm/secand

10±/sec respectively to make sure there are su±ciently many matchesbetweenconsecutive

frames.
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The accuracy of the ego-motion estimation depends on the SIFT features and their

distribution and the number of matches. In this experiment, there are su±ciently many

matchesat each frame, ranging mostly between40 and 60, dependingon the particular part

of the lab and the viewing direction.

At the end when the robot comesback to the original position (0,0,0) judged visually:

SIFT estimate: X:-2.09cmY:0cm Z:-3.91cmµ:0:30± ®:2:10± ¯ :¡ 2:02±

6 SIFT Database

Our basic approach has beendescribed above, but there are various enhancements dealing

with the SIFT databasethat can help our tracking to be more robust and our map building

to be more stable.

6.1 Database Entry

In order to know how reliable a certain SIFT landmark is in the database,we needsome

information regarding how many times this landmark has been matched and how many

times it hasnot beenmatched so far, not just the number of times it hasnot beenmatched

consecutively. Therefore,the new databaseentry is:

[X ; Y; Z; s;o;m; n; l ]

where l is still the count for number of times being missedconsecutively, which is usedto

decidewhether or not the landmark shouldbe pruned. m is a count for the number of times

it has beenmissedso far, i.e., an accumulative count for l . n is a count for the number of

times it hasbeenseenso far.

With the newinformation, wecanimposea restriction that, for a featureto beconsidered

as valid, its n count has to exceedsomethreshold. Each feature has to appear at least 3

times (n ¸ 3) in order to be consideredas a valid feature; this is to eliminate falsealarms

and noise,as it is highly unlikely that somenoisewill causea feature to match in the right,

left and top imagesfor 3 times (a total of 9 cameraviews).
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In this experiment, we move the robot around the lab environment without the chair

in the middle. In order to demonstrate visually that the SIFT databasemap is three-

dimensional, we use a visualization package Geomview3. The user can interactively view

the 3D map from di®erent elevation angles,pan anglesor distances.Figure 8 shows several

viewsof the 3D SIFT map from di®erent angles.We can seethat the centre region is clear,

as false alarms and noise featuresare discarded. The SIFT landmarks correspond well to

actual objects in the lab.

6.2 Permanen t Landmarks

In somescenewhere there could be a lot of volatile landmarks, e.g., when someoneblocks

the cameraview for a while, as it hasnot beenmatched for a larger number of consecutive

frames,the previously observed good landmarks will be discarded.

Therefore, when the environment is clear, we can build a databaseof SIFT landmarks

beforehandand mark them as permanent landmarks, if they are valid (having appeared

in at least 3 frames) and if the percentage of their occurrence(given by n
n+ m ) is above a

certain threshold (currently 30%). Afterwards, this set of reliable landmarks will not be

wiped out even if they are being missedfor many consecutive frames. They are important

for subsequent localization after the view is unblocked.

6.3 Viewp oin t Variation

Although SIFT featuresare invariant in imageorientation and scale,they are imageprojec-

tions of 3D landmarks and hencevary with large changesof viewpoints and are subject to

landmark occlusion.

For example,when the front of an object is seen¯rst, after the robot movesaround and

views the object from the back, the image feature is in general completely di®erent. As

the original feature may not be observable from this viewpoint, or observable but appear

di®erent, its miss count will increasegradually and it will be pruned even though it is still

there.
3www.geomview.org
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(a)

(b) (c)

Figure 8: 3D SIFT databasemap viewed from di®erent anglesin Geomview. Each feature
hasappeared consistently in at least 9 views. (a) From top. (b) From left. (c) From right.
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Therefore, each SIFT characteristic (scale and orientation) is associated with a view

vector keepingtrack of the viewpoint from which the landmark is observed. Subsequently,

if the new view direction di®ersfrom the original view direction by more than a threshold

(currently set to 20±), its miss count will not be incremented even if it does not match.

Feature matching is not consideredat all when the new view direction di®ersby more than

90±. This way we can avoid corrupting the feature information gathered earlier by the

current partial view of the world.

Moreover, we allow each SIFT landmark to have more than one SIFT characteristic. If

a feature matchesfrom a direction larger than 20±, we add a new view vector with the new

SIFT characteristic to the existing landmark. Therefore, a databaselandmark can have

multiple SIFT characteristics(si ; oi ; v i ) wheresi and oi are the scaleand orientation for the

view direction v i . Over time, if a landmark is observed from variousdirections, much richer

SIFT information is gathered. The matching procedureis as follows:

² computeview vector v betweenthe databaselandmark and the current robot position

² ¯nd the existing view direction v i associated with the databaselandmark which is

closestto v

² view vectorsare normalizedand therefore,angleÁ betweenv and v i can be computed

as the arccosineof the dot product betweenthe two vectors.

v ¢v i = jv jjv i j cosÁ ) Á = cos¡ 1(v ¢v i )

² omit the following step if Á is greater than 90 degrees.

² check if Á is lessthan 20 degrees:

{ if so,update the existing s and o if feature matching succeeds,or increment miss

count if feature matching fails

{ else,add a new entry of SIFT characteristic (s;o;v) to the existing landmark if

feature matching succeeds
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The 3D position of the landmark is updated if matched and the counts are updated accord-

ingly. The new databaseentry becomes:

[X ; Y; Z; m; n; l ; k; s1; o1; v1; s2; o2; v2; : : : ; sk ; ok ; vk ]

wherek is the number of SIFT characteristicsassociated with this SIFT landmark.

7 Error Mo deling

There are various errors such as noise and quantization associated with the imagesand

the featuresfound. They introduce inaccuracy in both the landmarks' position as well as

the least-squaresestimation of the robot position. We would like to know how reliable the

estimations are and therefore we incorporate a covariance matrix into each of the SIFT

landmarks in the database.

We employ a Kalman ¯lter [Bar-Shalom and Fortmann, 1988] for each databaseSIFT

landmark with a 3x3 covariance matrix for its position. The robot pose uncertainty is

also required becauselandmarks in the current frame are to be transformed to the initial

coordinates frame using the robot poseestimate.

When a match is found in the current frame, the covariancematrix for the landmark in

the current frame will be transformed using the robot posecovarianceand then combined

with the covariance matrix in the databaseso far, and its 3D position will be updated

accordingly.

7.1 Rob ot Pose Covariance

We usethe odometry asthe initial approximation for the robot poseleast-squaresminimiza-

tion, and the resulting least-squaresestimate is regardedas the ¯nal estimate. There are

errors associated with both the odometry and the least-squareslocalization. Therefore,we

will employ a Kalman ¯lter to fusethesetwo sourcesof information using their covariances.

The state in our Kalman ¯lter is the 5 d.o.f. robot camerapose(assuming¯xed height).

We have a prediction stagefor the state and the state covarianceusing the odometry infor-

mation. Then using the SIFT localization as the measurement model, we can update the
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Figure 9: Relationshipbetween robot motion and odometry measurements.

state and covarianceaccordingly to get a better estimate.

7.1.1 Odometry Mo del

Odometry is widely used to provide easy accessiblereal-time positioning information for

mobile robot. However, it is basedon the assumptionthat wheelrevolution canbetranslated

into linear displacement relative to the °oor, soodometry is prone to errors. There are two

typesof odometry errors: systematicand non-systematic.Variousmethods of modeling and

reducing theseerrors have beenproposed[Everett, 1995;Borensteinet al., 1996].

Systematicerrors [Borensteinand Feng, 1996] include unequal wheeldiameters,wheel-

baseuncertainty, wheelmisalignment, etc. They accumulate constantly and orientation er-

rors dominatebecausethey cangrow without bound into translational position errors [Crow-

ley, 1989].

Non-systematicerrors [Borenstein,1995] include traveling over uneven °oors, wheelslip-

pagedue to slippery °oor, skidding, etc. They are causedby the interaction of the robot

with unpredictable featuresof the environment and henceare di±cult to bound.

In the odometry modeling below, we will look at the overall odometry uncertainty for

our prediction. For our robot, it can only move forward (w) and rotate (±) with odometry

measurements (p;q; ±). Referring to Figure 9, we have:

p = w sin± (4)

q = w cos± (5)
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w2 = p2 + q2 (6)

We can compute the variancesof p and q in terms of the variancesof w and ± using

¯rst order error propagation formulae [Bevington and Robinson, 1992]. From Equation 4,

we have:

¾2
p = ¾2

w sin2 ±+ ¾2
±w2 cos2 ±

From Equation 5, we have:

¾2
q = ¾2

w cos2 ±+ ¾2
±w2 sin2 ±

We also needto compute the cross-correlationterms, since(p;q; ±) are not independent of

each other. For example,any changesto ± will alsoa®ectp and q.

Computing the ¯rst order error terms for Equation 6, we have:

w2¾2
w = p2¾2

p + q2¾2
q + 2pq¾2

pq

and hence

¾2
pq =

w2¾2
w ¡ p2¾2

p ¡ q2¾2
q

2pq

Rewriting Equation 4 as:

w =
p

sin±

Computing the ¯rst order error terms, we have:

¾2
w

w2
=

¾2
p

p2
+

¾2
± cos2 ±
sin2 ±

¡
2cos±¾2

p±

psin±

and hence

¾2
p± =

psin±
2cos±

(
¾2

p

p2
¡

¾2
w

w2
+

¾2
± cos2 ±
sin2 ±

)

Similarly, rewrite Equation 5 as:

w =
q

cos±

Computing the ¯rst order error terms, we have:

¾2
w

w2
=

¾2
q

q2
+

¾2
± sin2 ±
cos2 ±

+
2sin±¾2

q±

qcos±
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and hence

¾2
q± =

qcos±
2sin±

(
¾2

w

w2
¡

¾2
q

q2
¡

¾2
± sin2 ±
cos2 ±

)

From theseresults, we can compute the odometry covariancematrix:
2

6
4

¾2
p ¾2

pq ¾2
p±

¾2
pq ¾2

q ¾2
q±

¾2
p± ¾2

q± ¾2
±

3

7
5

assumingsome¾2
w and ¾2

± valueswhich can be acquired experimentally, e.g., by checking

the wheel'sslipping rate of the robot odometry system.

7.1.2 Prediction

Following the standard Kalman ¯lter notation, let x(kjk) be the state [x; z; µ; ®; ¯ ] at time k

given information up to time k, and let P(kjk) be the state covariance,u(k) be the odometry

information [p;q; ±; 0; 0] for how much the robot has translated and rotated, and Q(k) be

the covariancefor u(k), we have the state prediction:

x(k + 1jk) = f (x(kjk); u(k))

where f is the state transition function, in this case,just simply adding u to x. The state

covarianceprediction is:

P(k + 1jk) = P(kjk) + Q(k)

7.1.3 Measuremen t

The measurement prediction is:

z(k + 1jk) = H (k + 1)x(k + 1jk)

whereH is the identit y matrix becauseboth the state and measurement are the robot pose.

Matching the current featuresto the SIFT database,we useleast-squaresminimization

(Section 3.3) to estimate the robot position x LS , provided that there are su±ciently many

matches. Innovation is the di®erencebetween the predicted measurement and the actual

measurement, given by:

v(k + 1) = z(k + 1) ¡ z(k + 1jk) = x LS ¡ x(k + 1jk)
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The covariancePLS for the measurement can be obtained by computing the inverseof

J> J [Lowe, 1992] in Section3.3. The innovation covarianceis:

S(k + 1) = H (k + 1)P(k + 1jk)H (k + 1)T + PLS = P(k + 1jk) + PLS

7.1.4 Up date

The ¯lter gain is:

W (k + 1) = P(k + 1jk)H (k + 1)T S¡ 1(k + 1) = P(k + 1jk)[P(k + 1jk) + P LS ]¡ 1

The state update is:

x(k + 1jk + 1) = x(k + 1jk) + W (k + 1)[x LS ¡ x(k + 1jk)]

The covarianceupdate is:

P(k + 1jk + 1) = P(k + 1jk) ¡ W (k + 1)S(k + 1)W T (k + 1)

= P(k + 1jk) ¡ P(k + 1jk)[P(k + 1jk) + P LS ]¡ T P(k + 1jk)T

When there are not enoughmatches(lessthan 6), we do not get least-squaresmeasure-

ment to update the prediction. The state and the covariance prediction will be used as

the state and covariancefor the next frame. The covariancewill shrink as soon as enough

matchesare found to provide a least-squaresupdate.

7.2 Landmark Position Covariance

Uncertainty of the imagecoordinatesand disparity obtained during the SIFT featuredetec-

tion and matching will be propagatedto uncertainty in the landmark 3D positions.

Re-arrangingEquation 2, we have:

X =
(c ¡ u0)I

d

Y =
I (v0 ¡ r )

d

Z =
f I
d
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For the ¯rst order error propagation [Bevington and Robinson,1992], we have:

¾2
X =

I 2¾2
c

d2
+

I 2(c ¡ u0)2¾2
d

d4

¾2
Y =

I 2¾2
r

d2
+

I 2(v0 ¡ r )2¾2
d

d4

¾2
Z =

f 2I 2¾2
d

d4

where¾2
X , ¾2

Y , ¾2
Z , ¾2

c , ¾2
r and ¾2

d are the variancesof X , Y, Z , c, r and d respectively.

Basedon the resultsfrom Section3.5wherethe meanleast-squaresimageerror is around

1 pixel, we assume¾2
r = 0:5, ¾2

c = 0:5 and ¾2
d = 1. Knowing the intrinsic parametersof our

system,we can compute the variancesfor the landmark 3D positionsaccordingto the error

propagation formulae above.

We usethe robot poseestimateto transform landmarksin the current coordinatesframe

into the referenceframe. From the least-squaresminimization procedure, we can obtain

the robot poseas well as its covariance,which needsto be propagatedto the landmark 3D

position uncertainty.

To transform from current frame to the referenceframe:

r new = (Pµ(P®(P ¯ r obs))) + V

where r obs and r new are the observed position in the current frame and the transformed

position in the referenceframe respectively. V is the translational transformation while P µ,

P® and P ¯ arethe rotational transformationsrequired(for yaw µ, pitch ® and roll ¯ ) around

each of the three axes:

Pµ =

2

6
4

cosµ 0 sinµ
0 1 0

¡ sinµ 0 cosµ

3

7
5

P® =

2

6
4

1 0 0
0 cos® sin®
0 ¡ sin® cos®

3

7
5

P ¯ =

2

6
4

cos̄ sin¯ 0
¡ sin¯ cos̄ 0

0 0 1

3

7
5
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Wewould like to obtain the covarianceof r new (§ new ) from the covarianceof the observed

position § obs, givenby a diagonalmatrix consistingof ¾2
X , ¾2

Y and ¾2
Z . The error propagation

details are in Appendix A.

Afterwards, we combine the new covariance matrix § new with the previous covariance

matrix of the landmark in the database§ K F to obtain the new covariancematrix § 0
K F . We

combine the new position of the landmark r new with the databaselandmark position sK F

using the covariancesto obtain a better estimate of its new position s0
K F . We have:

§ 0
K F = (§ ¡ 1

K F + § ¡ 1
new )¡ 1

s0
K F = § 0

K F (§ ¡ 1
K F sK F + § ¡ 1

new r new )

On the other hand, the scaleand orientation of the databaselandmarks are updated by

averagingover all the frames. The databaseentry for each landmark is augmented with the

3x3 covariancematrix of its position.

7.3 Results

Incorporating the uncertainty analysisabove, a Kalman ¯lter is initiated for each landmark

and updated over frames. Figure 10 shows the bird's eye view of the SIFT databaseafter 56

frameswith 2116landmarks in the database.This is after the robot hasspun around once.

Figure 11 shows the bird's eye view of the SIFT databaseas well as the robot tra jectory

after 148frameswith 4828landmarks in the database.This is after the robot hastraversed

around our lab. When a landmark is being observed repeatedly, its uncertainty ellipse

shrinks while its positional uncertainty decreases.

The landmarksare three-dimensionaland their uncertainty are represented asellipsoids,

but ellipsesare shown in the bird's eye view. Error ellipsescovering onestandard deviation

in either sidesof X and Z directions are shown.

It can be seenthat the uncertainty for landmarks closerto the robot tends to be lower,

asexpectedfor landmarkswith larger disparities. Visual judgement indicatesthat the SIFT

landmarks correspond well to actual objects in the lab.
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Figure 10: Bird's eye view of the 3D SIFT databasemap, showingthe uncertainty ellipses
of the landmarksafter spinning around once.
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Figure 11: Bird's eye view of the 3D SIFT databasemap, showingthe uncertainty ellipses
of the landmarks, and the robot trajectory after traversing around our lab. Note that the
smallest ellipsesrepresentthe most reliableand useful landmarks.
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As the disparity error transforms to a larger error in the depth direction, we can see

that for most landmarks, the uncertainty ellipsesare elongatedin the direction along which

they are observed. For example, the robot was facing rightward in the X direction, when

the landmarks on the right hand side are observed, therefore the ellipsesare elongatedin

the X direction. On the other hand, the robot is facing forward in the Z direction when the

landmarks at the top of the map are viewed, therefore the ellipsesare elongatedin the Z

direction.

We alsoseesomerelatively large ellipsesat the upper right cornerand thesecorrespond

to landmarks far away in the next lab. Sincethe landmark position is computed from the

inverseof disparity, for landmarksof very small disparities, any small imageerrors can lead

to a very large positional uncertainty.

Figure 12 shows the samedatabasemap, but with the landmark uncertainty shown in

terms of intensity insteadof the ellipses.We can seethat the moreuncertain landmarksare

lighter than thosewith lower uncertainty. Without the ellipseclutter in Figure 11, the more

reliable landmarks are now more visible.

The robot tra jectory with uncertainty ellipsesare shown in Figure 13, wherethe ellipses

cover two standard deviations in either sidesof X and Z directions. All the ellipsesare

relatively small as SIFT landmarks are matched well at all frames. It can be seenthat

the robot posehas a higher uncertainty in the direction that it is facing, due to the higher

uncertainty in landmark depth.

In the following experiment, the robot is driven to rotate repeatedly in the lab environ-

ment. Figure 14(a) shows the robot orientation over frameswith its corresponding standard

deviation shown in Figure 14(b). Figures 14(c) and (d) show the robot poseuncertainty in

X and Z directions respectively. We can seethat the uncertainty variesslightly within each

cycle, depending on the particular view it observes. The overall robot poseuncertainty for

each cycle decreasesover frames, showing that by observingthe scenerepeatedly, the 3D

SIFT landmark uncertainty reducesand hencea better robot poseis obtained. The robot

uncertainty alsodecreasesinitially for this reason,when it hasnot started rotating.

There are two components of uncertainty for both the robot and the landmarks. One is
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Figure 12: Bird's eye view of the 3D SIFT databasemap, where the landmark intensity is
proportional to the uncertainty. The more uncertain a landmark is, the lighter it is marked.
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Figure 13: Robot trajectory with uncertainty ellipses.

relative to the initial robot posein a robot-basedworld and the other is the initial robot

uncertainty relative to the external global world. As a result, there are two typesof maps:

relative mapsand absolutemaps. Relative mapstake into account the ¯rst uncertainty only

whereasabsolutemapstake both into account. To obtain absoluteuncertainty from relative

uncertainty, additional uncertainty for the initial robot poseneedsto be added. Our SLAM

builds a relative map where the uncertainty is with respect to the robot world and not

the external one. Our experiments show that our estimated map and robot poseconverge

monotonically, agreeingwith the analysisdescribed in [Dissanayake et al., 2001].

8 Conclusion

In this paper, we proposeda vision-basedmobile robot localization and map building algo-

rithm basedon the SIFT features. Being scaleand orientation invariant, SIFT featuresare

good natural visual landmarks for tracking over long period of time from di®erent views.

Thesetracked landmarks are usedfor concurrent robot poseestimation and 3D map build-
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Figure 14: Robot poseuncertainty over frameswhile the robot rotates repeatedly. (a) Robot
orientation. (b) Robot orientation standard deviation. (c) Robot pose uncertainty in X
direction. (d) Robot poseuncertainty in Z direction.

40



ing, with promising results shown. As there are errors associated with imagefeatures,error

analysisis important to tell us how well the landmarks are localized.

We have shown that it is possibleto build accuratemapse±ciently without keepingthe

correlation betweenlandmarks. Both time and memory e±ciency are important and would

be seriouslya®ectedby attempting to keepthe full correlation matrix.

The algorithm currently runs at around 2Hz for 320x240imageson our mobile robot

with a Pentium II I 700MHz processor.As the majorit y of the processingtime is spent on

SIFT feature extraction, SIFT optimization is being investigated.

Further experiments in larger environments are planned to evaluate the scalability of

our approach. As we keeptrack of the robot pose,featuresin the current frame will only

be matched to SIFT landmarks in a particular region of the database,hencewe do not

expect feature matching to be an issue. Moreover, the speci¯cit y of the SIFT featurescan

be increasedif necessaryto maintain their distinctiveness[Lowe, 1999].

At present, the map is re-usedonly if the robot starts up again at the last stop position

or if the robot starts at the position of the initial referenceframe. Preliminary work on the

`kidnapped robot' problem, i.e., global localization using the SIFT databasemap, hasbeen

positive [Seet al., 2001a]. This will allow the robot to re-usethe map at any arbitrary robot

position by matching the rich SIFT database.

We are currently looking into recognizingthe return to a previously mapped area after

following a long path away from the area,i.e., closing-the-loop and detectingthe occurrences

of drift and correcting for it. Moreover, we intend to study the feasibility of using the SIFT

landmark-baseduncertainty map for path planning, obstacleavoidanceand other high-level

tasks.

A Error Propagation

In general,given

X 0 = P X
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whereP is a 3x3matrix, X and X 0arethe 3-vectorsfor the old and newposition respectively.

If there are errors associated with both P and X : ¤ P (9x9 covariancefor P) and ¤ X (3x3

covariancefor X ) which is: 2

6
4

¾2
X ¾2

X Y ¾2
X Z

¾2
X Y ¾2

Y ¾2
Y Z

¾2
X Z ¾2

Y Z ¾2
Z

3

7
5

the 3x3 covariancefor the resulting vector X 0 is given by:

2

6
4

X > 0 0
0 X > 0 P
0 0 X >

3

7
5

"
¤ P 0
0 ¤ X

#

2

6
6
6
6
6
6
4

X 0 0
0 X 0
0 0 X

P>

3

7
7
7
7
7
7
5

(7)

This covariancematrix is the product of three matrices: the ¯rst matrix is a 3x12 matrix,

the secondmatrix is a 12x12matrix and the third matrix is the transposeof the ¯rst matrix

(hencea 12x3 matrix).

Assuming the roll, pitch and yaw components are independent due to their small size,

the transformation proceedsin 4 stages:P ¯ (roll), P® (pitch), Pµ (yaw) and then V (trans-

lations). We have obtained the variances(¾2
¯ ,¾2

®,¾2
µ) for these parametersfrom the robot

position covariancealready. We will look at the transformation required for each stageand

how the landmark position uncertainty propagates.

A.1 Roll Transformation

The 9x9 covariancematrix for the roll transformation is:
2

6
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6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

¾2
¯ sin2 ¯ ¡ ¾2

¯ sin¯ cos̄ 0 ¾2
¯ sin¯ cos̄ ¾2
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¯ sin¯ cos̄ ¾2
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¯ cos2 ¯ ¡ ¾2
¯ sin¯ cos̄ 0 0 0 0

0 0 0 0 0 0 0 0 0
¾2

¯ sin¯ cos̄ ¡ ¾2
¯ cos2 ¯ 0 ¾2

¯ cos2 ¯ ¾2
¯ sin¯ cos̄ 0 0 0 0

¾2
¯ sin2 ¯ ¡ ¾2

¯ sin¯ cos̄ 0 ¾2
¯ sin¯ cos̄ ¾2

¯ sin2 ¯ 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0

3
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7
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7
7
7
7
7
7
7
7
7
7
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5

where¾2
¯ is the variancefor ¯ .

Using Equation 7, the resulting landmark position covariance¤ ¯ is:
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X 2¾2
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¯ cos2 ¯ + ¾2
X cos2 ¯

+2 ¾2
X Y sin ¯ cos¯ + ¾2

Y sin2 ¯

(X 2 ¡ Y 2 )¾2
¯ sin ¯ cos¯ ¡ X Y ¾2

¯ cos2 ¯
+ X Y ¾2

¯ sin2 ¯ + (¾2
Y ¡ ¾2

X ) sin ¯ cos¯
¡ ¾2

X Y sin2 ¯ + ¾2
X Y cos2 ¯

¾2
X Z cos¯ + ¾2

Y Z sin ¯

(X 2 ¡ Y 2 )¾2
¯ sin ¯ cos¯ ¡ X Y ¾2

¯ cos2 ¯
+ X Y ¾2

¯ sin2 ¯ + (¾2
Y ¡ ¾2

X ) sin ¯ cos¯
¡ ¾2

X Y sin2 ¯ + ¾2
X Y cos2 ¯

X 2¾2
¯ cos2 ¯ + 2X Y ¾2

¯ sin ¯ cos¯
+ Y 2¾2

¯ sin2 ¯ + ¾2
X sin2 ¯

¡ 2¾2
X Y sin ¯ cos¯ + ¾2

Y cos2 ¯
¡ ¾2

X Z sin ¯ + ¾2
Y Z cos¯

¾2
X Z cos¯ + ¾2

Y Z sin ¯ ¡ ¾2
X Z sin ¯ + ¾2

Y Z cos¯ ¾2
Z

3

7
7
7
7
7
7
7
7
7
5

where (X ; Y; Z ) is the 3D landmark position in the current frame. Sincethis is the ¯rst

transformation to be carried out, ¾2
X Y = ¾2

X Z = ¾2
Y Z = 0 as the initial covariance of the

observed position is a diagonalmatrix.

Applying the roll transformation to the initial landmark position givesthe transformed

position, which is then usedin the next stagetogether with this new landmark covariance.

A.2 Pitc h Transformation

The 9x9 covariancematrix for the pitch transformation is:
2
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where¾2
® is the variancefor ®.

Using Equation 7, the resulting landmark position covariance¤ ¯ ® is:
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where(X ; Y; Z ) is the transformed3D landmark position after the roll transformation and

¾2
X , ¾2

Y , ¾2
Z , ¾2

X Y , ¾2
X Z , ¾2

Y Z are from the covariancematrix ¤ ¯ above. Applying the pitch

transformation gives the transformed landmark position, which is then used in the next

stagetogether with this new landmark covariance.

43



A.3 Yaw Transformation

The 9x9 covariancematrix for the yaw transformation is:
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4
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where¾2
µ is the variancefor µ.

Using Equation 7, the resulting landmark position covariance¤ ¯ ®µ is:
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where (X ; Y; Z ) is the transformed 3D landmark position after the pitch transformation,

and ¾2
X , ¾2

Y , ¾2
Z , ¾2

X Y , ¾2
X Z , ¾2

Y Z are from the covariancematrix ¤ ¯ ® above. Applying the

yaw transformation givesthe transformedlandmark position, which is then usedin the next

stagetogether with this new landmark covariance.

A.4 Translational Transformation

Finally, wehave the two translational components: x and z asthe camerasystemis mounted

on the robot at a ¯xed height. The ¯nal covariancefor each landmark point is therefore:

§ new = ¤ ¯ ®µ +

2

6
4

¾2
x 0 ¾2

xz
0 0 0

¾2
xz 0 ¾2

z

3

7
5

References

[Bar-Shalomand Fortmann, 1988] Y. Bar-Shalomand T.E. Fortmann. Tracking and Data

Association. AcademicPress,Boston, 1988.

44



[Bevington and Robinson,1992] P.R. Bevington and D.K. Robinson. Data Reduction and

Error Analysis for the Physical Sciences. McGraw-Hill, secondedition, 1992.

[Borensteinand Feng,1996] J. Borenstein and L. Feng. Measurement and correction of

systematic odometry errors in mobile robots. IEEE Transactionson Robotics and Au-

tomation, 12(5), 1996.

[Borensteinet al., 1996] J. Borenstein,B. Everett, and L. Feng. Navigating Mobile Robots:

Systemsand Techniques. A. K. Peters,Ltd, Wellesley, MA, 1996.

[Borenstein,1995] J. Borenstein. Internal correctionof dead-reckoning errorswith the com-

pliant linkagevehicle. Journal of Robotic Systems, 12(4):257{273,April 1995.

[Castellanoset al., 1999] J.A. Castellanos,J.M.M. Montial, J. Neira, and J.D. Tardos. Sen-

sor in°uence in the performanceof simultaneousmobile robot localization and map build-

ing. In Proceedings of 6th International Symposium on Experimental Robotics, pages

203{212,Sydney, Australia, 1999.

[Castellanoset al., 2000] J.A. Castellanos,M. Devy, and J.D. Tardos. Simultaneouslocali-

sation and map building for mobile robots: A landmark-basedapproach. In Proceedingsof

IEEE International Conference on Robotics and Automation: Workshopon Mobile Robot

Navigation and Mapping, SanFrancisco,USA, April 2000.

[Crowley, 1989] J.L. Crowley. Asynchronous control of orientation and displacement in a

robot vehicle. In Proceedingsof IEEE International Conference on Robotics and Automa-

tion, pages1277{1282,Scottsdale,Arizona, May 1989.

[Davison, 1998] A.J. Davison. Mobile Robot Navigation Using Active Vision. PhD thesis,

Department of EngineeringScience,University of Oxford, 1998.

[Dellaert et al., 1999] F. Dellaert, W. Burgard, D. Fox, and S. Thrun. Using the condensa-

tion algorithm for robust, vision-basedmobile robot localization. In Proceedings of IEEE

Conference on Computer Vision and Pattern Recognition (CVPR'99) , Fort Collins, CO,

June 1999.

45



[Dissanayake et al., 2001] M.W.M.G. Dissanayake, P. Newman, S. Clark, H.F. Durrant-

Whyte, and M. Csorba. A solution to the simultaneous localization and map building

(slam) problem. IEEE Transactionson Robotics and Automation, 17(3):229{241,June

2001.

[Everett, 1995] H.R. Everett. Sensorsfor Mobile Robots. A. K. Peters,Ltd, Wellesley, MA,

1995.

[Gelb, 1984] A. Gelb. Applied Optimal Estimation. MIT Press,1984.

[Guivant and Nebot, 2001] J. Guivant and E. Nebot. Optimization of the simultaneous

localization and map building algorithm for real time implementation. IEEE Transactions

on Robotics and Automation, 17(3):242{257,June 2001.

[Gutmann and Konolige, 1999] J. Gutmann and K. Konolige. Incremental mappingof large

cyclic environments. In Proceedings of the IEEE International Symposium on Computa-

tional Intel ligence in Robotics and Automation (CIRA) , California, November 1999.

[Harris and Stephens,1988] C.J. Harris and M. Stephens. A combined corner and edge

detector. In Proceedings of 4th Alvey Vision Conference, pages147{151, Manchester,

1988.

[Harris, 1992] C. Harris. Geometry from visual motion. In A. Blake and A. Yuille, editors,

Active Vision, pages264{284.MIT Press,1992.

[Jensfelt et al., 2000] P. Jensfelt, O. Wijk, D.J. Austin, and M. Andersson. Experiments

on augmenting condensationfor mobile robot localization. In Proceedings of the IEEE

International Conference on Robotics and Automation (ICRA) , SanFrancisco,CA, April

2000.

[Knight et al., 2001] J. Knight, A. Davison, and I. Reid. Towards constant time slam us-

ing postponement. In Proceedings of IEEE/RSJ International Conference on Intel ligent

Robots and Systems(IROS), Maui, Hawaii, October 2001.

46



[Leonard and Durrant-Whyte, 1991] J.J. Leonard and H.F. Durrant-Whyte. Simultane-

ous map building and localisation for an autonomousmobile robot. In Proceedings of

IEEE/RSJ International Conference on Intel ligent Robots and Systems(IROS'91), pages

1442{1447,New York, USA, 1991.

[Leonard and Feder,1999] J.J. Leonardand H.J.S.Feder.A computational e±cient method

for large-scaleconcurrent mapping and localization. In 9th International Symposium of

Robotics Research, London, 1999.Springer-Verlag.

[Lowe, 1992] D.G. Lowe. Robust model-basedmotion tracking through the integration of

search and estimation. International Journal of Computer Vision, 8(2):113{122,1992.

[Lowe, 1999] D.G. Lowe. Object recognition from local scale-invariant features. In Pro-

ceedings of the SeventhInternational Conference on Computer Vision (ICCV'99) , pages

1150{1157,Kerkyra, Greece,September 1999.

[Seet al., 2001a] S. Se, D. Lowe, and J. Little. Local and global localization for mobile

robots usingvisual landmarks. In Proceedingsof the IEEE/RSJ International Conference

on Intel ligent Robots and Systems(IROS), pages414{420,Maui, Hawaii, October 2001.

[Seet al., 2001b] S. Se,D. Lowe, and J. Little. Vision-basedmobile robot localization and

mapping using scale-invariant features. In Proceedingsof the IEEE International Confer-

ence on Robotics and Automation (ICRA) , pages2051{2058,Seoul,Korea, May 2001.

[Sim and Dudek, 1999] R. Sim and G. Dudek. Learning and evaluating visual featuresfor

poseestimation. In Proceedings of the SeventhInternational Conference on Computer

Vision (ICCV'99) , Kerkyra, Greece,September 1999.

[Smith et al., 1987] R. Smith, M. Self, and P Cheeseman.A stochastic map for uncertain

spatial relationships. In 4th International Symposium on Robotics Research. MIT Press,

1987.

47



[Thrun et al., 1998] S. Thrun, W. Burgard, and D. Fox. A probabilistic approach to con-

current mapping and localization for mobile robots. Machine Learning and Autonomous

Robots (joint issue), 31(5):1{25, 1998.

[Thrun et al., 2000] S. Thrun, W. Burgard, and D. Fox. A real-time algorithm for mobile

robot mapping with applications to multi-rob ot and 3d mapping. In IEEE International

Conference on Robotics and Automation (ICRA) , SanFrancisco,CA, April 2000.

[Williams et al., 2000] S.B. Williams, P. Newman,G. Dissanayake, and H. Durrant-Whyte.

Autonomous underwater simultaneous localisation and map building. In Proceedings of

International Conference on Robotics and Automation (ICRA) , SanFrancisco,USA, April

2000.

48


