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A Minimalistic Approach to Appearance
based Visual SLAM

Henrik Andreasson, Tom Duckett, and Achim J. Lilienthal

Abstract—This paper presents a vision-based approach to to other vision-based SLAM approaches is that there is no
SLAM in indoor / outdoor environments with minimalistic sens-  estimate of the positions of a set of landmarks involved,
ing and computational requirements. The approach is based on a enabling the algorithm to scale up better with the size of

graph representation of robot poses, using a relaxation algorithm th - t Instead fi imilarity i
to obtain a globally consistent map. Each link corresponds to a € environment. Instead, a measure O image simiianty 1S

relative measurement of the spatial relation between the two Used to estimate the relative pose between corresponding
nodes it connects. The links describe the likelihood distribution images (“visual relations”) and the uncertainty of thisreste.

of the relative pose as a Gaussian distribution. To estimate the Gjven these “visual relations” and relative pose estimates
covariance matrix for links obtained from an omni-directional between consecutive images obtained from the odometry of

vision sensor, a novel method is introduced based on the relative . . . . .
similarity of neighbouring images. This new method does not the robot (‘odometry relations”), the Multilevel Relaati

require determining distances to image features using multiple algorithm [2] is then used to determine the maximum likeli-
view geometry, for example. Combined indoor and outdoor exper- hood estimate of all image poses. The relations are exmatesse
iments demonstrate that the approach can handle qualitatively as a relative pose estimate and the corresponding covarianc
different environments (without modi cation of the parameters), A key insight is that the estimate of the relative pose in

that it can cope with violations of the “at oor assumption” to the “Vi | relati " d t dto b ¢
some degree, and that it scales well with increasing size of the € ‘visual relations” does not need to be very accurate as

environment, producing topologically correct and geometrically 10ng as the corresponding covariance is modeled apprefyiat
accurate maps at low computational cost. Further experiments This is because the relative pose is only used as an initial

demonstrate that the approach is also suitable for combining estimate that the Multilevel Relaxation algorithm can atlju
multiple overlapping maps, e.g. for solving the multi-robot SLAM - gecording to the covariance of the relation. Thereforeneve
problem with unknown initial poses. . L2 . - . .

with fairly imprecise initial estimates of the relative Bss

Index Terms—SLAM, Omnidirectional Vision it is possible to build geometrically accurate maps usirg th
geometric information in the covariance of the relative @os
I. INTRODUCTION estimates. Mini-SLAM was found to produce consistent maps

This paper presents a new vision-based approach to {Hevariqus environmen_tg, ingluding, for example, a datacset
problem of simultaneous localization and mapping (SLAMA" environment contalmng.mdoor and outdoor p_assageb (pat
Especially compared to SLAM approaches using a 2-d lag§P9th of 1.4 km) and an indoor data set covering ve oor
scanner, the rich information provided by a vision-basdg"€'s Of a department building.
approach about a substantial part of the environment aliows Further to our previously published work [3], we extended
dealing with high levels of occlusion [1] and enables soksi ¢ Mini-SLAM approach to the multi-robot SLAM problem,
that do not rely strictly on a at oor assumption. Cameradlemonstrating its ability to combine multiple overlapping

can also offer a longer range and are therefore advantageBlaPS With unknown initial poses. We also provide an evalua-
in environments that contain large open spaces. tion of the robustness of the suggested approach with respec

The proposed method is called “Mini-SLAM” since it isto poor odometry or a less reliable measure of visual siftyjlar

minimalistic in several ways. On the hardware side, it eelie

solely on odometry and an omni-directional camera as th¢ Related Work

external source of information. This allows for less expens . . S
systems compared to methods that use 2-d or 3-d Iase}Jsmg a camera as the 'external fsource.of information in
scanners. Please note that the robot used for the expesim AM has received increasing attention d_unng the pastyear
was also equipped with a 2-d laser scanner. This laser scan ny approaches extract landmarks using local features in

however, was not used in the SLAM algorithm but only tdhe images and track the positions of these landmarks. As
visualize the consistency of the created maps the feature descriptor, Lowe's scale invariant featuragfarm

Apart from the frugal hardware requirements, the method '§IFT) [Af] has been used yvidely [5], [6].' An initial estimate
also minimalistic in its computational demands. Map estim & relative pose change is often obtained from odometry [6]

tion is performed on-line by a linear time SLAM algorithm! 71, [8], or where multiple cameras are available as in [9],

on an efcient graph representation. The main differenc@o_]’ multiple view geomeiry can be applied o obtain de_pth_
estimates of the extracted features. To update and maintain
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while the landmark positions were updated with an EKF. #hiti
landmark positions had to be provided by the user. A similar
approach described in [8] applies a converse methodoldgy. T
landmark positions were estimated with a Kalman lter (KF)
and a particle Iter was used to estimate the path.

Due to their suitability for addressing the correspondence
problem, vision-based systems have been applied as an addi-
tion to laser scanning based SLAM approaches for detecting
loop closure. The principle has been applied to SLAM systems
based on a 2D laser scanner [12] and a 3D laser scanner [13].

In the approach proposed in this paper, the SLAM OptimiZ%Tg. 1. The graph representation used. The gure shows frgmeses) and
tion problem is solved at the graph-level with the Multileverelations (edges), both the odometry and the visual relations, . Visual
Relaxation (MLR) method of Frese and Duckett [2] Thigelattior;s]t arte incgjicatetd wtitrlj?otted lines. Eg_ch ft(aarﬁ)_ntainsarefzrenc? to
method could be replaced by altemative graph based SLAYCLY ureEs exacted fom an onvidrectonal matie an odomety
methods, for example, the online method proposed by Grisatf and an estimate of its covarian€s, . Fig. 2 shows images corresponding
et al. [14] based on the stochastic gradient descent meth@éhe region represented by the graph in this gure.
proposed by Olson et al. [15].

The rest of this paper is structured as follows. Section 1l de
scribes the proposed SLAM approach. Then the experimentabdometry relationsr, are created between successive
set-up is detailed and the results are presented in Sedtion fames. The relative pose,, is obtained directly from the
The paper ends with conclusions and suggestions for futygometry readings and the covariar@g, is estimated using

work (Section IV). the motion model suggested in [16] as
3
d? 2 +1t2 7 0 0
II. MlNl'SLAM Cro - 4 d 0 t d2 $d + t2 $t 0 5
A. Multi-Level Relaxation 0 0 d? 2d + t2 2
The SLAM optimization problem is solved at the graph- 1)

level with the Multilevel Relaxation (MLR) method of Fresevhered andt are the total distance traveled and total angle
and Duckett [2]. A map is represented as a set of nogiyated between two successive frames. Theparameters
connected in a graph structure. An example is shown in Fig.'glate to the forward motion, they parameters to the side
Each node corresponds to the robot pose at a particular tifi@tion and the ~ parameters to the rotation of the robot. The
and each link to a relative measurement of the spatial ogiatiSiX -Parameters adjust the in uence of the distarcand

between the two nodes it connects. A node is created for edgfftiont in the calculation of the covariance matrix. They
omni-image in this work and the terms node and frame aféere tuned manually once and then kept constant throughout

used interchangeably in this paper. the experiments.

The MLR algorithm can be briey explained as follows.
The input is a seR of m = |jRj relations onn planar
frames (i.e., a two-dimensional representation is usedfhE
relationr 2 R describes the likelihood distribution of the 1) Similarity Measure:Given two imaged , and |y, fea-
pose of framea relative to frameb. Relations are modeled tures are rst extracted using the SIFT algorithm [4]. This
as a Gaussian distribution with meah and covariance’. results in two sets of featurds, and Fy, for frame a and
The output of the MLR algorithm is the maximum likelihood® Each featureF = [x;y];H comprises the pixel position
estimation vectoR for the poses of all the frames. Thus, 4% Y] and a histogranti containing the SIFT descriptor. The
globally consistent set of Cartesian coordinates is obthinSimilarity measures,;, is based on the number of features that
for the nodes of the graph based on local (relative) afp@tch betweerr, andFy.

inconsistent (noisy) measurements, by maximizing thel tota The feature matching algorithm calculates the Euclidean
likelihood of all measurements. distance between each feature in imagend all the features

in imagel . A potential match is found if the smallest distance

] is smaller than 60% of the second smallest distance. This

B. Odometry Relations criterion was found empirically and was also used in [17]. It
The Mini-SLAM approach is based on two principles. Firsiguarantees that interest point matches are substantigttgrb

that odometry is suf ciently accurate if the distance tiageis than all other possible matches. We also do not allow feature
short. Second, that by using visual matching, corresparelerio be matched against more than one other feature. If a eatur
between robot poses can be detected reliably even thougls more than one candidate match, the match which has the
the search region around the current pose estimate is ladg#est Euclidean distance among the candidates is selected
Accordingly, two different types of relations are created iExamples of matched features are shown in Fig. 2.
the MLR graph, based on odometry and relations based on The matching step results in a set of feature pRigs with
visual similarityr,,. a total numbem 5, of matched pairs. Since the number of

C. Visual Similarity Relations
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Fig. 2. Examples of loop closure detection outdoors (top)iaddors (bottom). In the outdoor example the distance to tiaebed features is larger than in
the indoor example. Left: feature matches at the peak of thdasitgivalue,Se7s.758 = 0:728 (top) andS7.360 = 0:322 (bottom). Middle: feature matches
two steps (equivalent to 3 meters distance) awafgso; 758 = 0:286 (top) andSg:360 = 0:076 (bottom). The pose standard deviatiogry = yrv was
estimated as 2.0 (top) and 1.09m (bottom), respectively, and the medn as 0.199m (top) and -0.534m (bottom). Right: evolution of the similarity
measureS against the distance travelled (obtained from odometrygttogy with the tted Gaussian.

features varies heavily depending on the image content, tieea reference imagé,. Panoramic images were recorded

number of matches is normalized &, 2 [0; 1] as at a translational distance of 0.5, 1.0 and 2.0 meters to the
M ap reference imagéy. The ground truth rotation was obtained by
Saip = : (2) manually measuring the displacement of correspondingpixe

1
2(Ne, + NF,) in areas along the displacement of the camera. The results in
whereng, andng, are the number of features F andFp  Table | demonstrate the good accuracy obtained. Even at a
respectively. A high similarity measure indicates a petaally  displacement of 2 meters the mean error is only 7.15 degrees.
similar position.

2) Estimation of the Relative Rotation and VariancEhe
relative rotation between two panoramic imadesand I
can be estimated directly from the horizontal displacenoént

TABLE |
ERRORS OF RELATIVE ROTATION ESTIMATE IN RADIANS.

the matched feature paif,,. If the at oor assumption is transl (m)i error i error

violated this will be only an approximation. Here, the risat 05 0100 | 00630
rotations , for all matched pairp 2 P,y are sorted into 1.0 0104 | 00500
a 10 bin histogram and the relative rotation estimale is 20 0125 | 00903

determined as the maximum of a parabola tted to the largest
bin and its left and right neighbour, see Fig. 3.

To evaluate the accuracy of relative rotation estimatgs
we collected panoramic images in an indoor laboratory envi=';
ronment and computed the relative orientation with resp gion

The rotation variance 2, is estimated by the sum of
giguared differences between the estimate of the relative ro
v and the relative rotation of the matched paPs,.

2= LT vy ©)
Relative rotation histogram " M ab 1 P
16 T ‘ T T bins — p2 Pa;b
141 /\ e poyaom. To increase the robustness towards outliers, a 10% Wiresbriz
g 12r ; ) mean is applied. For the evalutated data this had only a minor
g 101 ‘ ] effect on the results compared to using an un-truncated mean
2 8F j 1 3) Estimation of Relative Position and Covarianc&he
E o j \ ] Mini-SLAM approach does not attempt to determine the
= at / ; \\ 1 position of the detected features. Therefore, the relgtive
2F ; \ ] sition between two frames and b cannot be determined
o = 3 b 1 5 3 very acciiratfaly. Instead we use only image similarity of the
Relative orientation (rad) surrounding images to estimdtelv; [v] as described below.

) L e It would be possible to estimate the relative position using
Fig. 3. Relative orientation histogram from two omnidirectl images taken ltiol . trv but thi Id introd dditi |
2 meters apart. The dotted line marks the relative orientaiimate "v . multiple _V'eW geometry bu '_S would introduce additona

complexity that we want to avoid.
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Fig. 4. Left: The physical distance to the features will ience the number
of features that can be identi ed from different poses of tbbot. The lled
squares represent features that could be matched in allrblveeposes while
the unlled squares represent the features for which cpoedences could
not be found from all poses. The left wall in the gure is close the robot.
Thus, due to the faster change in appearance, the numbertofdeaf the
left wall, which can be matched over successive images, temdstless
compared to the number of matched features of the right walhtR@utdoor
robot used in this paper, equipped with a Canon EOS 350D caaretaa
panoramic lens from 0-360.com, which were used to collect #ta,ca DGPS
unit to determine ground truth positions, and an LMS SICK searused for

Fig. 5. Left: Full similarity matrix for thelab data set. Brighter entries
indicate a higher similarity measu& Right: Zoomed in image. The left area
(enclosed in a blue frame) corresponds to a sequence of stynilaeasures
that gives a larger position covariance than the right seceiéred frame).

whered is the calculated mean of the tted Gaussian and
the estimated relative orientation (Sec. II-C2).
In the experimental evaluation, the Gaussian was estimated
using 5 consecutive frames. To evaluate whether the ewaluti
of the similarity measure in the vicinity of a visual relatio

isualization and for obtaining ground truth. . .
visualizat ning ground frd can be reasonably approximated by a Gaussian, the mean error

between the 5 similarity measures and the tted Gaussian
was calculated for the outdoor/indoor data set (the data set

Instead, geometric information is obtained from an estimais described in Sec. 1lI-A). The results in Table Il indicate
of the covariance of the relative position between a curremifat the Gaussian represents the evolution of the sinyilarit
frame b and a previously recorded frange This covariance a reasonable way. Please note that framis recorded at a
estimate is computed using only the similarity measiBesf |ater time than frame meaning that the covariance estimate
frame b with a and the neighbouring frames af C&b can be calculated directly without any time lag.

The number of matched features between successive frame$) Selecting Frames to Matchtn order to speed up the
will vary depending on the physical distance to the featuresigorithm and make it more robust to perceptual aliasing (th
see Figs. 2 and 4. Consider, for example, a robot locatedgroblem that different regions have similar appearancely o
an empty car park where the physical distance to the featutRgse frames are selected for matching that are likely to be
is large and therefore the appearance of the environmest doe
not change quickly if the robot is moved a certain distance.
If, on the other hand, the robot is located in a narrow corrido
where the physical distance to the extracted features ifl,sma
the number of feature matches in successive frames tends to
be smaller if the robot was moved the same distance.

The covariance of the robot pose estimate [x,y]

2
Xrv

— Xrv yrv
Cr, = 2 (4)
XTv yfv yl'v

is computed based on how the similarity measure varies over
the setN (a), which contains framex and its neighbouring !
frames. The analyzed sequence of similarity measures is :
indicated in the zoomed in visualization of a similarity mmat 3
shown in Fig. 5. In order to avoid issues estimating the
covariance orthogonal to the path of the robot if the roba wa 3
driven along a straight path, the covariance matrix is Siexpl !
by setting 2., g and v yrv = 0. The remaining }
covariance parameter is estimated by tting a 1D Gaussian A
to the similarity measureSy (a);, and the distance travelled
as obtained from odometry, see Fig. 6. Two parameters are
determined from the nonlinear least squares tting process _ _ .

Fig. 6. Gaussian tted to the distance travelled (as obtained from
mean d ) and varlance ([x I ) The initial estimate of the odometry) and the similarity measures between fréaad the frames of the
relative position] [v; (] of a ‘visual relation is calculated asneighbourhoo (a) = fa 2;a  1;a;a+1;a+2g. From the similarity

v = cog ")d

measures, both a relative pose estimate and a covariance estima@® v
(5) are calculated between nodeand nodeb. The orientation and orientation
r — H r .
y' = sin( )d ; (6)

Sa1p

Sa-z,b Sa+2,b

da—z,a-l da»l,a da,a+1 da+l,a+2

variance are not visualized in this gure.
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TABLE I

STATISTICS OF THE ERROR BETWEEN THE GAUSSIAN FIT AND THE As long as no visual relatiom, has been added, either
SIMILARITY MEASURES S, 21511 Sas2 ;b FOR EACH NODE FOR WHICH  betweena and b or any of the frames betweea and b,
THE FIT WAS PERFORMED IN THE OUTDOORNDOOR DATA SET. the relative covarianc€y,, can be determined directly from
. the odometry covarianc€,. and Cyo as described above.
node pair | | 2 5

However, when a visual relation?® betweena and b is
added, the covariance of the estim&lg, decreases. Using
the covariance intersection method [18], the covariance fo

<a 2;b> | 0.031| 0.0441
<a 1;b> | 0.029 | 0.0348

<ajb> 0.033 | 0.0601 )
<a+1:b> | 0026 | 00317 frameb is therefore updated as
<a+2;b> | 0.028 | 0.0388 - .
Cao = Cr, (G, + Cr\‘j‘ib ); 9)
2 1000 # of similarity calculations at each frame where is the covariance intersection operator. The co-
S N variance intersection method weighs the inuence of both
‘—§ 800 h covariance<, andCy as
3
8 600 - g _ 1 17 1.
2 Ca Cg=[IC,"+(1 !)Cg™] ™ (20)
8 400t g
£ 200 i The parametel 2 [0; 1] is chosen so that the determinant of
E the resulting covariance is minimized [19].
0 0 100 200 300 400 500 600 700 800 900 - The new covariance estimate is also used to update the
Frame index frames betweera and b by adding the odometry covariances

Fig. 7. Number of similarity calculations performed at eachmieain the ng::b In opposite order (I'e' simulate that the_rObOt IS mo"'”g
outdoor/indoor data set. The rst frames were compared ardrarde 240, Packwards from framé to a). The new covariance estimate

since up to then none of the previous frames were within theckearea for framej 2 (a;b) is calculated as
around the current pose estimate de ned by the estimated poseiance.
Iﬁl?cﬂlﬁgnr?cl)t“g?el-ggll(é?::gz.the linear increase for the taaethe frames to ij - ij (Cq, + CXE;; ): (11)
5) Visual Relation Filtering: To avoid adding visual re-
lations with low similarity, visual similarity relationg®P
located close to each other. between frame and frameb are only added if the similarity
Consider the current framb and a previously recordedmeasure exceeds a threshdld: S, > tys. In addition,
framea. If the similarity measure was to be calculated betweesimilarity relations are only added if the similarity valg,
band all previously added frames, the number of frames to bas its peak at frama (compared to the neighbouring frames
compared would increase linearly, see Fig. 7. Instead,dsanN (a)). There is no limitation on the number of visual relations
are only compared if the current franfeis within a search that can be added for each frame.
area around the pose estimate of frameThe size of this
search area is computed from the estimated pose covariance.
From the MLR algorithm (see Section II-A) we obtainD'
the maximum likelihood estimat®, for frame b. There is, Fusion of multiple data sets recorded at different times is
however, no estimate of the corresponding covarigbcehat related to the problem of multi-robot mapping where each of
could be used to distinguish whether frames likely to be the data sets is collected concurrently with a differentotob
close enough to framieso that it can be considered a candidatéhe motivation for multi-robot mapping is not only to reduce
for a match, i.e. a frame for which the similarity measurthe time required to explore an environment but also to merge
Sap should be calculated. So far, we have de ned two typeahe different sensor readings in order to obtain a more ateur
of covariances: the odometry covarianCg, and the visual map. The problem addressed here is equivalent to “multyrob
relation covarianceC, . To obtain an overall estimate of theSLAM with unknown initial poses” [20] because the relative
relative covariance between framaeand b we rst consider poses between the data sets are not given. The exploration
the covariances of the odometry relatiansbetweena andb problem is not considered in this paper.

Fusing Multiple Data Sets

and compute relative covarian€gs =~ as Only a minor modi cation of the standard method described
X above is necessary to address the problem of fusing multiple
ng;b = R,—Crol RjT: (7) data sets. The absence of relative pose estimates between
j2(ab 1) the data sets is compensated for by not limiting the search

region for which similarity measureS are computed. This is

Rj s a rotation matrix, which is de ned as implemented by incrementally adding data sets and settiag t

cos®,; %) sin(®,, %) 0 1 relative pose between consecutively added data setsllinitia
Rj = @ sin(%,, &) coy%, %) O0A; (g © (0,0,0) with an in nite pose covariance. Such odometry
: : : 0 : 1 relations between data sets appear as long, diagonal lines i

Fig. 16 representing the transition betwdab to studarea
whereg; is the orientation estimated for frame andstudarea to lab studarea.
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[1l. EXPERIMENTAL RESULTS e 17 | :"09"(*507 mgoor——
i i : g osf B
In this section, we present results from ve different data 0 Lo

sets with varying properties. An overview of all data sets is g osf : ," ; 1
presented in Table Ill. All data sets were collected with our <§( 0.4F ‘ ]
mobile robot Tjorven, see Fig. 4. The platform uses “skid- ? ook | |
steering”, which is prone to bad odometry. In the different B O E S e
data sets different wheel types (indoor / outdoor) were used Z O o2 o5 o8
The robot's odometry was calibrated (for each wheel type) by Threshold - t,s

rSt driving forward 5 meters to Obta_m a distance per er.](md%ig. 8. The inuence of the threshold parameteg on the relative MSE.

tick value, and second by completing one full revolution to

determine the number of differential encoder ticks per &argu

rotation. Finally the drift parameter was adjusted so that t _ _

robot would drive forward in a straight line, i.e. to compates Seconds using a data set with an average of 522.3 features

for the slightly different size of the wheel pairs. with standard deviation of 21.4. Please note, however,theat
The omni-directional images were rst converted tdmplementation used for feature matching in this paper was

panoramic images with a resolution of 1000 x 289. Wheot optimised for computational ef ciency.

extracting SIFT features the initial doubling of the images

not performed, i.e. SIFT features from the rst octave werg. oOutdoor / indoor data set

ignored, simply to lower the amount of extracted features.

The results are presented both visually with maps obtainedo‘ large set of 945 omni-directional images was collected

; . . . qQver a total distance of 1.4 kilometers with height diffeves
by superimposing laser range data using the poses estima :
. - . up to 3 meters. The robot was driven manually and the data
with Mini-SLAM and quantitatively by the mean square

. -were collected in both indoor and outdoor areas over a period
error (MSE) from ground truth data. Since the correspondlrbq 2 days (due to the limited capacity of the camera battery)
pose pairs< %i;xST > between the estimated poge '

and the corresponding ground truth pasB’ are known, 1) Comparison to ground truth obtained from DGP%o

the optimal rigid transformation between pose estimatab a%valuate the accuracy of the created map, the robot position
b g P as measured with differential GPS (DGPS) while collecting

ground truth data can be determined directly. We applied t €. omni-directional images. Thus, for every SLAM pose-esti
method suggested by Arun et al. [21]. . . - T DGPS
. ; y . mate there is a corresponding DGPS positoR;; X; >,

To investigate the in uence of the threshdigl, described . o
. . DGPS gives a smaller position error than GPS. However,
in Section II-C5, the MSE was calculated for all data sets for . S .

. ; - nce only the signal noise is corrected, the problem with
which ground truth data were available. The result in Fig. S ultivath re ections still remains. DGPS is also onlv avail
shows that the value of the threshold can be selected so that P ) y

it is nearly optimal for all data sets and that there is a nezgioable if the radio link between the robot and the station-

in which minor changes of the,s do not strongly in uence ary GPS is functional. Thus, only a subset of pose pairs

. < Ri;xPGPS 5. . ion.
the accuracy of the map. Throughout the remainder of t Ri3 X, =1:N Can be used for ground truth evaluation
. PO PS measurements were considered only when at least ve
section a constant threshdlglk = 0:2 is used .

.satellites were visible and the radio link to the station@RS

In order to give a better idea of the function of the Mini- : ) . o
SLAM algorithm, the number of visual relations per nogdvas functional. The valid DGPS readings are indicated as

depending on the thresholtl, is shown in Fig. 9. The ﬁght (blue) dots in Fig. 10. The total number of pairs used

: . .~ to calculate the MSE for the whole map was 377 compared to
overview of all data sets presented in Table Il also costéie .
o . : the total number of frames of 945. To measure the difference
number of similarity calculations performed and the evitue

: . . etween the poses estimated with Mini-SLAM and the
run time on a Pentium 4 (2GHz) processor with 512 MB OE o DGPS . X .
RAM memory. This time does not include the time require GPS positions (using UTM WGS84, which provides

A . L . a metric coordinate system), the two data sets have to be
for the similarity computation. Each similarity calcutai alianed. Since the correspondence of the Itered pose pairs
(including relative rotation and variance estimation)k@30 gned. P P P

0.9

TABLE IlI % 0.8 I outdoor / {n(foor
= . . . ab ------
FOR EACH DATA SET. NUMBER OF NODES#X, VISUAL RELATIONS # 'y, % 07 lab Slugarearriii |
PERFORMED SIMILARITY CALCULATIONS# S, AVERAGE NUMBER OF % o6- oo, lab-studarearoc
EXTRACTED VISUAL FEATURES g PER NODE WITH VARIANCE F, S o5f i
EVALUATION RUN TIME T (EXCLUDING THE SIMILARITY COMPUTATION). % 0.4 i
= 03f A
[#x | #rv | #s | e | £ [T 3 021 A
01F oI 4
outdoor / indoor 945 | 113 | 24784 | 497.5| 170.0 | 66.4 * 0 N E
) 0 01 02 03 04 05 06
multiple oor levels | 409 | 198 | 13764 | 337.9 | 146.7| 21.0 Threshold -
lab 86 60 443 | 571.5| 39.6 3.6
studarea 134 | 31 827 426.6 | 51.1 9.4 Fig. 9. The amount of visual nodes added to the graph deperuine
lab studarea 86 | 10 | 101 | 459.8| 1258 | 3.8  thresholdys.
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Fig. 10. DGPS dataPCPS with aligned SLAM estimate# displayed on
an aerial image of the area. The darker (red) squares show ithieSMAM
pose estimates and the lighter (blue) squares show the DG$¥S far which
the number of satellites was considered acceptable. Thati®viseen at the
bottom (the car park) is mainly caused by the fact that the a&k js elevated
compared to the rest of the environment.

MSE of the SLAM pose estimates and odometry to |
200 T T T I T

SLAM ——
: odometry------
150 ; -

100} i

il gfv/f/lr—/f‘ |
| | /IT”””: |

0
0 100 200 300 400 500 600 700 800 900 :
Frame index

MSE pose distance error

Fig. 11. Evolution of the MSE between the ground truth positobtained
from DGPS reading«PC®PS and the Mini-SLAM estimate of the robot
pose® as frames are added to the map. Drops in the MSE indicate tl
the consistency of the map has been increased. The nal MShefaw
odometry was 377.8n2.

is known, < ®;;xPCPS > "an optimal rigid alignment can be
determined directly with the method by Arun et al. [21] a
described above.

The mean square error (MSE) betweét¥”S andz for the

connections between the oor levels by three elevators. The
data contain loops in 2-d coordinates and also involving
different oor levels. This data set consistst of 419 pamoic
images and covers a path with a length of 618 meters. The
geometrical layout differs for the different oors, see FIL8.

No information about the oor level is used as an input to the
system, hence the robot pose is still described ubing; ).

1) Visualized resultsiThere are no ground truth data avail-
able for this data set. It is possible, however, to get a Visua
impression of the accuracy of the results from Fig. 12. The
gure shows occupancy grid maps obtained from laser scanner
readings and raw odometry poses (left), or the Mini-SLAM
pose estimates (right), respectively. All oors are drawm o
top of each other without any alignment. To further illustra
the Mini-SLAM results, an occupancy map was also created
separately for each oor from the laser scanner readings and
Mini-SLAM pose estimates, see Fig. 13. Here, each pose was
assigned to the corresponding oor level manually.

This experiment mainly illustrates the robustness of data
association that is achieved using omni-directional vislata.
The similarity matrix and a similarity access matrix for the
“Multiple oor levels” data set are shown in Fig. 14.

C. Partly overlapping data

This data set consists of three separate indoor sets: lab
(lab), student areasfudarea) and a combination of both
(lab studarea), see Fig. 15. Similar to the data set described
in Sec. 1lI-B, omni-directional images, 2D laser range data
and odometry were recorded. Ground truth pos€5 were

iietermined using the laser scanner and odometry togetkier wi

the MLR approach as in [2].

1) Visualized resultsfig. 16 shows the nal graph (left), a
plot of laser scanner readings merged using poses from odom-
etry (middle) and poses obtained with Mini-SLAM (right).
Fig. 17 shows the similarity matrix and the similarity aczes
gnatrix for thelab studarea data set.

2) Comparison to ground truth obtained from laser based
SLAM: As described in Sec. II-D, fusion of multiple maps is

data set shown in Fig. 10 is 4.89 meters. To see how it evolv@stivated both by its need in multi-robot mapping and by the
over time when creating the map, the MSE was calculatéttreased accuracy of the resulting maps. Instead of simply
from the new estimate® after each new frame was added.

The result is shown in Fig. 11 and compared to the MSE
obtained using only odometry to estimate the robot's pasiti
Please note that the MSE was evaluated for each frame added.
Therefore, when DGPS data are not available, the odometry
MSE x° will stay constant for these frames. This can be seen,
for example, for the frame®50 440in Fig. 11. For the same
frames, the MSE of the SLAM estimageis not constant since
new estimates are computed for each frame added and loop
closing also occurs indoors or generally when no DGPS is
available. The rst visual relatiom, was added around frame
260. Until then, the error of the Mini-SLAM estimate and

the odometry MSEx® were the same.

B. Multiple oor levels

This data set was collected inside a department buildir'ﬂg

at Orebro University. It includes all (ve) oor levels and

Fig. 12. Occupancy grid map of all ve oors drawn on top of eaather.
ft: Gridmap created using pose information from raw odomeRight:
ing the estimated robot poses from Mini-SLAM.



IEEE TRANSACTION ON ROBOTICS, SPECIAL ISSUE ON VISUAL SLAM 8

Fig. 13. Occupancy maps for oor levels 1-5, computed usingriasanner data at each estimated pose. The assignmentaifpoiies to oor levels was
done manually and is only used to visualize these maps.

Fig. 16. Left: A part of the nal MLR graph containing the tledifferent data sets. Middle: Laser range scanning basedusiag the raw odometry.
Right: Laser range scanning based map using the Mini-SLAMgos

Fig. 15. Sub-maps for the partly overlapping data. Lédtr. Middle:
studarea . Right:lab  studarea, overlapping botHab andstudarea .

Fig. 14. Left: Pose similarity matrix for the “Multiple oor lels” data set.

Right: Similarity access matrix showing which similarity measuwere used L .
in the Mini-SLAM computation. Brighter pixels were used morféen. 3) Robustness evaluatiorthe suggested method relies on

incremental pose estimates (odometry) and a visual sityilar

adding the different maps onto each other, the fused maps TABLE IV
also use additional information from the overlapping p&mtS MSERESULTS BEFORE AND AFTER MERGING OF THE DATA SETS AND
improve the accuracy of the sub-maps. This is illustratébhin USING ODOMETRY ONLY.

ble IV which shows the MSE (again obtained by determining

the rigid alignment betweef andx®" ) before and after the | tab | studarea | lab studarea

fusion was performed. While the data skb and studarea before fusion | 0.002 1 0.029 0.036
shows a negligible change in accura@ah studarea clearly after fusion | 0.002 | 0.029 0.013
demonstrate a large improvement. raw odometry| 0.065 | 0.481 1.296
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IV. CONCLUSIONS ANDFUTURE WORK

Mini-SLAM combines the principle of using similarity of
panoramic images to close loops at the topological leveh wit
a graph relaxation method to obtain a metrically accurate
map representation and with a novel method to determine the
covariance for visual relations based on visual similaafy
neighbouring poses. The proposed method uses visual simila
ity to compensate for the lack of range information abouéloc
image features, avoiding computationally expensive asd le
Fig. 17. Left: Pose similarity matrix for thiab  studarea data set. Right: general methods such as tracking of individual image festur
Similarity access matrix showing which similarity measures used in the . . .
proposed method. Brighter pixels were used more often. Experimentally, the method scales well to the investigated
environments. The experimental results are presentedsionali
) means (as occupancy maps rendered from laser scans and
measur_eS. The robugtness of the method is evaluated I%’oses determined by the Mini-SLAM algorithm) and by com-
corrupting these two inputs and evaluating the performancg, ison with ground truth (obtained from DGPS outdoors or
For this evaluation, thetudarea data set is used and the test§ car-pased SLAM indoors). The results demonstrate that th
were repeated 10 times. Mini-SLAM method is able to produce topologically correct
In the rst test, the similarity measureS were corrupted 54 geometrically accurate maps at low computational cost.
by adding a random value drawn from a Gaussian distributigi e extension of the method was used to fuse multiple
N (0; ) with varying standard deviation, see Table V. The a5 sets s0 as to obtain improved accuracy. The method has
amou.nt of_added n,o',se _has to be co.mpared to the rangea%fo been used without any modi cations to successfully map
[0; 1] in which the similarity measur8 lies, see Eq. 2. a building consisting of 5 oor levels.
The robustness evaluation with respect to the similarity Mini-SLAM generates a 2-d map based on 2-d input from
measureS shows that the system can handle additional nm%%ometry. It is worth noting that the “outdoor / indoor” datet
to some extent, but incorrect visual relations will affelge t includes variations of up to 3 meters in height. This indisat
accuracy of the nal map. This illustrates that the Proposedl .i the Mini-SLAM can cope with violations of the at
”.‘Et.h"d’ as many_others, would have_dif culties in percemua oor assumption to a certain extent. We expect a graceful
S|m!lar !ocatlons in case the uncertainty of the pose es';Hm"’ldegradation in map accuracy as the roughness of the terrain
Cs is high. increases. The representation should still be useful ftr se
In_ the se<_:(_)nd test,_the odome_try values were corrupted I%%alization using 2-d odometry and image similarity, g.g.
addmg add!t|ona| noise to the |_ncremental dl_starutear_]d using the global localization method in [1], which in additi
the orientation . The corrupted incremental distanct is could be used to improve the robustness towards perceptual
calculated as aliasing when fusing multiple data sets. In extreme caskes, o
d’= d+0:1dN (0; )+0:2 N(O; ); (12) course, it is possible that the method would create inctersis
maps, and a 3-d representation should be considered.
The bottleneck of the current implementation in terms
= +0:2dN(0; )+ N(O; ): (13) of computation time is the calculation of image similarity,

. . : hich involves the comparison of many local features. The
Since the odometry pose estimates are computed mcrertyentgll . 2 :
yp P sgggested approach, however, is not limited to the paaticul

the whole later trajectory is affected when adding noise at . o . .

particular time step. measure of image similarity used in this work. There are
The results of the robustness evaluation with the corrupted

odometry are shown in Fig. 18 together with the MSE of raw odometry—+—

; SLAM const cov. odom:- -+
the corrupted odometry. These results show that the system i SLAM inc cov. odom: -

and the orientation® as

robust to substantial odometry errors. A failure case isvsho 100 ‘
in Fig. 19. 80
E 60
TABLE V I 40
MSE RESULTS(mean AND stddev) AFTER ADDING A RANDOM VARIABLE QO ool
DRAWN FROMN (0; ) TO EACH SIMILARITY MEASURE S,y - = 0
| mean | stddev 20 1 : 7
| | | |
0.02 | 0.03 | 0.004 05 0.5 1 15 2 2
0.05 | 0.03 0.011 Added noise s

0101 0.1 0.074 Fig. 18. MSE resultsmiean andstddev) for x (odometry) an®® (estimated
0.20 | 0.94 0.992 poses) after corrupting the odometry by adding random vatiiaen from
040 | 1.35 1.304 N (0; ). The plot also shows the MSE when the odometry covariance is
0.80 | 1.49 1.240 increased with the added noise.
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corresponding [14]
walls .
AN
N
O\ [15]
5 \
N [16]
[17]
(18]
(19]
Fig. 19. A failure case where the corrupted odometry erroabmectoo large
resulting in a corrupted map. Left: SLAM map. Right: raw odometr [20]
[21]

many possibilities to increase the computation speedreithe

using alternative similarity measures that are faster tomge

[22]

while still being distinctive enough, or by optimizing the
implementation, for example, by executing image compasso
on a graphics processing unit (GPU) [22].

Further plans for future work include an investigation of
the possibility of using a standard camera instead of an
omni-directional camera, and incorporation of visiondzhs
odometry to realise a completely vision-based system.

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]
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(20]
(1]
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