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Abstract tion to CML can be found, then many new applications
of mobile robotics will become possible.

One of the most challenging aspects of concurrent mappingCML, also referred to as SLAM (simultaneous lo-
and localization (CML) is the problem of data associatiorcalization and map building), has been a recurring
Because of uncertainty in the origins of sensor measutéteme at the series of ISRR Symposia over the years[1,
ments, it is difficult to determine the correspondence b&; 3, 4]. For example, in his paper for the second ISRR
tween measured data and features of the scene or objectsygnposium, Brooks [2] was among the first to suggest
ing observed, while rejecting spurious measurements. Hothat a probabilistic approach was necessary to develop
ever, there are many important applications of mobile robatsbust algorithms for mapping and navigation:

where maps need to be built of complex environments, con-
sisting of composite features, from noisy sensor data. This
paper reviews several new approaches to data association
and feature modeling for CML that share the common theme
of combining information from multiple uncertain vantage
points while rejecting spurious data. Our results include: (1)
feature-based mapping from laser data using robust segmen-
tation, (2) map-building with sonar data using a novel ap-
plication of the Hough transform for perception grouping,
and (3) a new stochastic framework for making delayed de-
cisions for combination of data from multiple uncertain vanthe key technical difficulty in performing CML is cop-
tage points. Experimental results are shown for CML usingig with uncertainty. Three distinct forms of uncer-

“Mobile robots sense their environment and
receive error laden readings. They try to
move a certain distance and direction, only
to do so approximately. Rather than try to
engineer these problems away it may be pos-
sible, and may be necessary, to develop map
mapping and navigation algorithms which
explicitly represent these uncertainties, but
still provide robust information. [2]”

laser and sonar data from a B21 mobile robot. tainty — data association uncertainty, navigation error,
and sensor noise — work together to present a chal-
1 Introduction lenging data interpretation problem. For example, Fig-

ures 1 and 2 show the laser and sonar data, respec-
The problem of concurrent mapping and localizatio jvely, collected by a B21 mobile robot during several
(CML) for an autonomous mobile robot is stated a ack-and-forth traverses of a corridor a few tens of me-

ters long. Figure 3 shows the accumulation of dead-

follows: starting from a initial position, a mobile robotSr ckoning error during a longer duration traverse of
travels through a sequence of positions and obtain . O .
g g P %Fut 500 meters in the MIT “infinite corridor” (shown

set of sensor measurements at each position. The 98 P!

is for the mobile robot to process the sensor data {g migure 22). . _

produce an estimate of its position while concurrently MOst successful recent implementations of CML

building a map of the environment. While the problenk;aVe either been performed with SICK laser scanner
of CML is deceptively easy to state, it presents ma,g,ata [5, 6] or in environments that consist of isolated
theoretical challenges. The problem is also of grea0int” objects [7, 8]. However, there are many impor-

practical importance; if a robust, general-purpose sol@nt applications of mobile robots where maps need to
be built of complex environments, consisting of com-



posite features, from noisy sensor data. The goal of our
work is to enable autonomous underwater vehicles to
navigate autonomously using sonar. Current methods
for data association in feature-based CML are unable
to cope with sonar because of its sparse and ambiguous
nature.

Thrun et al. [5] and Gutmann et al. [6] have devel-
oped implementations of CML using laser data that are
capable of closing moderately sized loops in real-time.
In their work, the representation consists of “raw” sen-
sor data referenced back to a complete trajectory of
the vehicle. With this representation, they are able to
greatly simplify the data association problem. CML al-
gorithms that use a feature-based representation must
explicitly solve the data association problem for each

Figure 1: Laser data for a short corridor experiment, refeP€NSOr measurement. Given a new sensor measure-

enced to the dead-reckoning position estimate

ment, does it correspond to a previously mapped fea-
ture, a new feature that should be mapped, or is it spu-
rious and should be ignored?

A key benefit of the SICK laser scanner is that the
data from one position can be directly correlated with
data taken from a nearby position, to compute the off-
set in robot position between the two positions. With
sonar, the raw data is usually too noisy and ambiguous
for this type of approach to work.

Recent work in feature-based CML has shown
the importance of maintaining spatial correlations to
achieve consistent error bounds [7, 8]. The representa-
tion of spatial correlations results in @ (n?) growth
in computational cost [4], motivating techniques to
address the map scaling problem through spatial and
temporal partitioning [9, 10, 11]. Almost all imple-
mentations of feature-based CML to-date have used

Figure 2: Sonar data for a short corridor experiment, refefairly simple nearest-neighbor gating techniques. A

enced to the dead-reckoning position estimate

1 . 1
-100 -50 o
east (m)

L L L
-300 -250 -200 -150

Figure 3: Accumulation of position error relying only on

more powerful technique that tests the Joint Compat-
ibility testing of multiple sensor measurements, using
a branch and bound algorithm, has been developed by
Neira and Tards$ [12].

In this paper, we present results from several differ-
ent new implementations of CML using either sonar
or laser data. The results demonstrate feature clas-
sification and mapping from multiple uncertain van-
tage points. Section 2 presents results from a real-
time implementation of CML with laser data that uses
techniques from robust statistics for line segment ex-
traction. Section 3 presents map-building results with
sonar using a novel application of the Hough trans-
form for perception grouping. Experimental results
for sonar map-building and laser map-building of the

dead-reckoning for a long distance traverse of the B21 me@Me scene are compared. Section 4 summarizes a new
bile robot. The actual vehicle path went down approximate§tochastic framework for making de|ay§d deC|S|0nS.t0
40 meters, to the left approximately 225 meters, and th@mable combination of data from multiple uncertain

back to the origin.

vantage points. Sonar data processing results are pre-



sented. Finally, Section 5 draws some conclusions a "ML Phewman May 2001 MODE Real Time CML
discusses challenges for future research.

Fl13]

2 “"Exploreand return” using Laser

This section presents results from use of the CMLK
ernd — a new, generic, real-time implementation of
feature-based CML. Novel characteristics of this im
plementation include: (1) a hierarchical representatic®™
of uncertain geometric relationships that extends tt
SPMap framework [13], (2) use of robust statistics t
perform extraction of line segments from laser dat _ _
in real-time, and (3) the integration of CML with & gzip - ..198,y= 091 2 0,000 h-53.228 Poxe 0.148,Pyy= 0.071,5ic=y.Sor
“roadmap” path planning method for autonomous tra-

jectory execution. These innovations are combined Figure 4: Re-observing an existing feature
to demonstrate the ability for a mobile robot to au-
tonomously return back to its starting position withir MT-ChL P.MNewman hay 2001 MODE Real Time CML

a few centimeters of precision, despite the presence
numerous people walking through the environment.

The sensors used were a SICK laser scanner &
wheel encoders mounted on the B21 vehicle. The flo
surface was a combination of sandstone tiles and car|
mats providing alternatively high and low wheel slip-
page. The exploration stage was manually controlle
although it should be emphasized that this was doi
without visual contact with the vehicle. The output of
the CMLKernel was rendered in 3D and used as a re:
time visualization tool of the robots workspace. Thi
enabled the remote operator to “visit” previously un
explored areas while simultaneously building an accu-
.rat.e geqmetrlc representatlpn of the en_VIronmem' Thﬁgure 5: Creating a new feature in the foreground following
in itself is a useful application of CML; nevertheless:a rotation
future experiments will implement an autonomous ex-
plore function as well as the existing autonomous re-
turn.

To illustrate the accuracy of the CML algorithm the
starting position of the robot was marked with four ten-
cent coins; the robot then explored its environment and
when commanded used the resulting map to return to
its initial position and park itself on top of the coins
with less than 2cm of error. The duration of the ex-
periment was a little over 20 minutes long with just
over 6MB of data processed. The total distance trav-
eled was well in excess of 100m. Videos of various
stages of the experiment can be found in various for-
mats atht t p: // oe. m t. edu/ ™ pnewnran. Figures 4 and 5 show rendered views of the esti-

Figure 6 shows the environment in which the expemated map during the exploration phase of the experi-
iment occurred. The main entrance hall to the MITnent. In Figure 4 the robot can be seen to be applying a
campus was undergoing renovation during which larg#e segment observation of an existing feature. In con-
wood-clad pillars had been erected throughout the hatrast Figure 5 shows an observation initializing a new
way yielding an interesting, landmark rich and denselffeature just after the robot has turned a corner. The dot-
populated area. ted lines parallel to the walls are representations of the

uncertainty of lateral uncertainty in that wall feature.

B21R:x= 1.486,y= 5.772,2= 0.000h= 93,965 Pxc= 0110 Pyy= 0/228 Sic=y.Bon

Figure 6: The experiment scene



The vehicle was started with an initial uncertainty of
0.35 m and as shown in [14] all features will inherit __
this uncertainty as a limiting lower bound in their own .
uncertainty. Thdo uncertainty of the vehicle location
is shown as a dotted ellipse around the base of the v

hicle.
Figure 9: The robot posi-
tion after the completion of
_ Figure 8: The starting posthe homing leg of the mis-
MIT-ChAL P.Mewrnan hay 2001 MODE:Harming tion sion
”] IIIEH e \Q
’ ., ; 3 Sonar Perceptual Grouping Using the
I IR T Hough Transform
cew | eeeeme = -
Hiwe I L . .
5’“" R S tﬁ' ______ {ie :’;:] The data from a standard ring of Polaroid sonar sen-
OO . . sors can be notoriously difficult to interpret. This leads
toe many researchers away from a geometric approach to
. ey T3 W sonar mapping. However, using a physics-bases sensor

model, the geometric constraints provided by an indi-
vidual sonar return can be formulated [15]. Each return

could originate from various types of features (point,
Figure 7: A plan view of the CML map at the end of thePlane, etc.) or could be spurious. For each type of fea-

experiment. The approximate size of the environment wad@e, there is a limited range of locations for a potential
20m by 15m rectangle. feature that are possible. Given these constraints, the
Hough transform [16] can be used as a voting scheme

identify point and planar features. More detail on this

technique will be published in a future report. A some-

) ) ) what related technique called triangulation-based fu-
Figure 7 shows an OpenGL view of the estimatedion has been developed by Wijk and Christensen [17]

map towards the end of the experiment when the robgs; oint objects only. The Hough transform approach
is executing its homing algorithm. The circles on theg advantageous because it can directly identify spec-

ground mark the free space markers that were droppgf; planar reflectors from sonar data, which is vi-

during the exploration phase of the experiment. Thgyly importantin typical man-made environments with
homing command was given when the robot was Wiany smooth walls.

the far corner of the hallway. Using the output of the
CMLKernel, the robot set the goal marker to be th
closest way point. When the algorithm deduces th

B21R :x=-0.012y=-0.002.z= 0.000h= 3.266.Pox= 0.055.Pyy= 0.063.Sic=y.San:

Figure 10 through 13 provide an illustrative result
or this approach. The Hough transform is applied to
a .
the vehicle is within an acceptable tolerarcef the small batches of sonar data (22 positions each) as a
. P . bpre-filter to look for potential new features in the sonar
present goal marker it sets the goal way-point to & ; . .
at[a. These groupings are then fed into an implemen-
the closest marker that has score less than the presei .
) : ation of CML that uses the SPMap as the state esti-
goal marker. This then proceeds until the goal marker _.. f K . ibility for d
is the origin or initial robot position. At this point the mation framewor [13], Joint Co_mpatl lity for data
oal seeking toleranceis reduced t'o iem. The CM- association[12], and a new technique called Map Join-
gKerneI s e?n about thirty seconds comm.andin smeilng (tobe desribed in a future report). Figure 14 shows
. P y 9 a map of the same environment built from laser data.
adjustments to the location and pose of the robot be- :
. . ) . éne can see that sonar map is almost as good as as well
fore declaring that the vehicle had indeed arrived bacas the laser ma
at its starting location. Figure 8 and 9 show the starting P-
and finishing positions with respect to the coin mark- . .
ers. As can be seen in these figures the vehicle - Delayed Stochastic Mapping
turned to within an inch of the starting location. Read-
ers are invited to view videos of this experiment and@his section reviews stochastic mapping and its ex-
others including navigation in a populated museum &tnsion to account for temporal correlations [18].

http://oe.nit.edu/” pnewran. Stochastic mapping is a feature-based concurrent map-
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Figure 10: Example of Hough processing to extract poit
and line features. Sonar returns are processed in a groug
twenty-two positions. A voting scheme is performed to fini

Compton Gallery Sonar Map
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clusters of measurements that hypothesize the existence > ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
point and plane features. For this example, two planes a 4 -2 -0 -8 -6 -4 -2 0 2 4 6
two points have been found.

Hough Table for Points

150 t
12
100 i
y 10
¥ Ay [
50+ ,‘ ! ]
- A .
g
$
s, ! i
o
F \ 1 6
; I
5o f 1
: b
L 4
-100 1
2
2
-150-
0

. . . . . . . . .
0 05 1 15 2 25 3 35 4 45 5
Ro (m)

Figure 11: Hough voting table for point features.

Hough Table for Lines
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Figure 12: Hough voting table for line features.

Figure 13: Complete map for the MIT Compton Gallery built
from sonar using Hough grouping, Map Joining, and Joint
Compatibility.

Compton Gallery Laser Map
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Figure 14: Complete map for the MIT Compton Gallery built
from laser data using Robust Statistics, Map Joining, and
Joint Compatibility.



ping and localization algorithm that was first published he new feature is integrated into the map by expand-
by Smith, Self, and Cheeseman [19] and Moutarliéng the state vectok[k|k] and covarianc@®[k|k] as
and Chatila [20]. The method assumes that thestown below:

aren features in the environment, and that they are %[k|K]

static. The true state at tinkeis designated by[k] = x[k|k] < [A k] , (©)]
[x,[k]T x¢[k]T]T, wherex, k] represents the location Xt [H]

of the robot, andx ¢ [k]T =[x, [k]T ... x;, [K]T]F
represent the locations of the environmental features.

Let z[k] designate the sensor measurements obtain®d *] <
at time k, and Z* designate the set of all measure-
ments obtained from tim@ through timek. The ex- \here
tended Kalman filter to compute recursively a state

Py, [k|k] Pyrlkl|k] Pt [klE]
an+1r[k|k] an+1f[k‘k} an+1fn+l[k‘k}
4

Prr[k|k] Prf[k|k] Prfn+1[k‘k} :|

[k|k] = GxP[k|k]GI + G,R[k]GL, (5)

estimatex[k|k] = [.[k|k]T %,[k]"]" at each dis- fnt1fnia ;

crete time stepk, where%,[k|k]” and %;[k]" = p klk] P (k|k]] = {anﬂr[k\k}} — G.Plklk

%5, [K]T ... %, [K]T]" are the robot and feature state” """ S THRIR] fnsr FLEIR] [6‘ b

estimates, respectively. The stochastic mapping equa- ©

tions are not repeated here, for more detail, see [19, | ) )

21]. G is the Jacobian of with respect to the state vector
Data association decisions must be made for eagﬂdGz Is the Jacobian of with respect to the mea-

new measurement to determine if (1) it originates frorﬁurement.

one of the features currently in the map, (2) it orig- Tq be able to pe_rform feature initialization from
inates from a new feature, or (3) it is spurious. IANUltiple vantage points, we need to expand the state
general, the data association problem is exponentialffctor and to account for temporal correlations. To
complex [22], and no general solution that can run igchieve this, th'e representation is expanded to add a
real-time has been published. Most published impl&umber of previous vehicle locations to the state vec-
mentations of CML have used variations of “nearesfOr- We refer to these states as trajectory states. Each
neighbor” gating techniques [22], however nearesﬂ-me.the vehicle moves, the previous vehicle loca-
neighbor gating can be shown to fail in many situalion is added to the state vector. We use the nota-
tions [23, 24]. Many implementations of stochastidion X [k] to refer to the estimate of the state (posi-
mapping will only consider a measurement as a Caﬁ_pn) of the robot at timé given all information up f[o
didate for new feature initialization if it does gate withfiMe k. The complete trajectory of the robot for time
any existing features. However, such an approach wiffeP0 through time step: — 1 is given by the vec-

fail in environments with composite features (extendel®” X¢[k] = [X¢, [K]7 %, [K]" %o, [K]T ... %o, [FI)T
objects) or many features close to one another. TH&'€ complete state vector is:

motivation for delayed stochastic mapping is to be able %, [k|K] T

to consider various hypothesis for the origins of mea- %40 [K]

surements in a computationally efficient manner, in- it‘) (K]

cluding the generation of a new feature with a mea- >“<t1 []

surement, even if it gates with an existing feature. 2.

An assumption commonly employed in previous %, (k| k] .

work is that the state of the new featurgy, , . [k] kK] = | k] | = Lo A

can be computed using the measurement data available (k] Xf (k]

from a single vehicle position, using a feature initial- X2 (k]

ization functiong(-): Xy, [K]
%12 [F] = (RRIK] 25[R]). &) &

Xy, K]

For example, for a sensor providing range and bearing
measurements,;[k] = [r ¢], the feature initialization  The associated covariance matrix is:
function for a poinfg(+) takes the following form:

) . o (@ 47 cos( +0) P, [klk] Pulklk] Pk
Kpwsa (K] = BRI 2 IRD = 1 L ns40)]© ik = {Pw[kvc] P, [} Ptff[kw]. ®)
) [P [kIk] Prklk] Pyslklk])



New trajectory states are added to the state ve
tor each time step by defining a new trajectory stal
%:, [k] = %,[k|k] and adding this to the state vector:

Xy [k|]

fcto [k]

&tl [k]
N &tz [k]
%[k|k] : : 9)

f(tk—ll [k]
th [k]
L Xs[K]

The state covariance is expanded as follows: S

Figure 15: Raw data for corridor experiment, referenced to

Py P, . Pt P, . . .
Prgr  Pigy . Poe B odometric position estimate.
Plk|k] « . .
Pir_1r Pipqto - Pip gty Py
Ptyr Pty to Pty Py f . ) )
Pir Piig - Priy Piy additional non-zero terms corresponding to the trajec-

“" tory states and the Jacobian matéik,. The proce-

dure is the same if the feature initialization function
wherePy, i, = Py, Py y = Pry,andPy, = Prro oy js a function of measurements from more than two
The growth of_the state vector in this mannerinCréasgme steps. New feature initialization can also be per-
the computational burden, however it is straightfore, . qq using non-linear least squares [26] performed

ward to delete old vehicle trajectory states and assgp many measurements, instead of using an explicit

ciated terms in the covariance, once all the meas“'ﬁ'nctiong(-).

Lneesr;t:df:)c;rgi;: grlgzg time step have been either pro- To provide improved stability, the addition of new
) C .. . featurestothe state vector can be delayed to occur only

This process of adding past states is similar tQnen the initializing Jacobians indicate that the new
a fixed-lag Kalman smoother [25]. In a fixed-laGeqtyre estimate is well-conditioned. By examining the
smoother, states exceeding a certain age are autoMgirerent possible initialization sets and choosing the
cally removed. In our approach, states are added aggcqpian with the smallest values, the most stable ini-
removed based on the data processing requirementg;gfization can be determined. In addition, one can in-
the stochastic mapping process. Unlike the fixed-lagynorate an adaptive motion control step to direct the
smoother, states are not necessarily removed in the it 1 move to a better vantage point that will yield
der in which they are added. a more stable initialization. By considering second-

With the addition of prior vehicle states to the staterder derivatives, the robot can determine the optimal
vector, it now becomes possible to initialize new feadirection to move in order to obtain data that will yield
tures using measurements from multiple time stepge most stable initialization of a new feature.
For example, consider the initialization of a new fea- yce 4 new feature is initialized, the map can be

ture using two measurementlf;| andz(k,], taken \sqated using all other previously obtained measure-
at time stepsy; andk. The state of the new featuréanis that can be associated with the new feature. We
can be computed using a feature initialization functiop,| this procedure a "batch update”. It allows the max-
involving data from multiple time steps: imum amount of information to be extracted from all
past measurements. It also provides a means to incre-
mentally build up composite models of more complex

For example, in two-dimensions if each measuremefiPiects [18].

is a range-only sonar measurement, then the functionSome illustrative results for delayed decision mak-
g(-) represents a solution for the intersection of tw#d are presented in Figures 15 to 18, which show the
circles. The covariance for the new feature is initialtesults for processing of data in an MIT corridor. Fur-

ized in a similar fashion as shown above in Equationsther details can be found in a forthcoming paper.

to 6, except that the Jacobian mat€x, will contain We believe that this methodology provides a new

)A(fn+1 = g(itkl [k]v )A(tkz [k]7 [Z[kl]T Z[kQ]T]T)' (11)
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generic framework for improved feature modeling and
classification using delayed decision making. The abil-
ity to perform a batch update using many previous
measurements provides a facility for making delayed
data association decisions. If there is ambiguity about
the correspondence between measurements and fea-
tures, decisions can be postponed until additional in-
formation becomes available. Feature extractionis also
simplified. The initialization of complex features in
situations with high ambiguity can be greatly simpli-
fied by considering a batch of data obtained at multiple
time steps. Efficient, non-stochastic perceptual group-
ing methods such as the Hough technique described
above in Section 3 can be used to screen the data and
make preliminary association decisions that can later

Figure 16: Raw data for corridor experiment, referenced RE confirmed with delayed stochastic gating, and then

CML position estimate.

applied via batch updating.
5 Conclusion

This paper has considered the development of im-
proved data association and feature modeling tech-
niques for CML, using delayed decision making. Ex-
perimental results have been shown for both Polaroid
sonar and SICK laser scanner data from a B21 robot,
operating in the corridors of MIT, using several new
data association and feature modeling techniques.

The ultimate goal of our research is to create a ro-
bust, consistent, convergent, and computationally effi-
cient real-time algorithm for CML for large-scale en-
vironments. As a challenge for our research, we have
set ourselves the show-term goal of autonomously per-
forming CML in the largest building of MIT campus

Figure 17: Sonar measurements that were matched to f@'the “infinite corridor” and its adjacent hallways —

tures for corridor experiment, displayed as points.

using standard Polaroid sonar data and/or laser data.
Figures 21 shows a preliminary result that we have
achieved with sonar only, showing a map consisting
of about 800 features (walls, door moldings, etc.) built
from a single pass around a large loop (travel distance
of about 200 meters, duration of 26 minutes). Features
were initialized using the output of the Hough percep-
tual grouping technique described above in Section 3.
The processing time for this map is slightly greater
than real time on an 800 MHz machine. Much fur-
ther work is necessary to reach our goal of achieving
convergence, while operating in real-time and main-
taining consistent error bounds. We feel that the map
scaling problem can be addressed with spatial and tem-
poral partitioning techniques, and that the biggest re-
maining roadblocks are the problems of data associa-
tion and modeling of complex features. We believe that

Figure 18: Sonar measurements that were matched to feige techniques presented in this paper offer significant

tures for corridor experiment, displayed as circular arcs.

help towards reaching this goal.



S ol i (135 503 oot ) skl view mode, U step 173 (Eser: 0) (dispiny_mapen. aclive_impsi)

Figure 19: Raw sonar data for the beginning of the expe
ment.

Figure 21: Map constructed for a complete loop. The robot
is approximately back at its starting position at the end of the
trajectory.

S il i (135 68 oot ) skala view mode, e step 172 (Eser: 1) (dispiny_mapen. aclive_impsi)

Figure 20: Point and line features (withs3error ellipses for ' | | ! H
point targets) for the beginning of the experiment. i

Figure 22: Schematic of the MIT campus, showing the “infi-
nite corridor” that connects buildings 7, 3, 10, 4, and 8. The
data for Figure 21 was taken in buildings 5, 7, 3, and 1.
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