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eAbstra
tThis paper presents our initial results in 
omparingthree algorithms for autonomous roboti
 mapping us-ing two types of laser s
anner data. The algorithms
ompared are the Markov lo
alization approa
h ofThrun, the Lu and Milios iterative dual 
orrespon-den
e algorithm, and the Touzet model-free landmarkextra
tion algorithm. The two types of laser s
annerdata utilized are the A

uRange laser s
anner fromA
uity and the SICK laser s
anner. We 
ompare thesealgorithms in terms of the quality of mapped results,
omputational requirements, and sensitivity to dataand odometry error. While the 
omplete 
ompari-son of these algorithms on all these measures is notyet a

omplished, our results to date indi
ate thatlaser mapping algorithms are not immediately trans-ferrable from one type of laser s
anner data to another.Instead, algorithms appear to make impli
it assump-tions on the quality or 
ontent of laser data that playa strong role in the quality of the mapping results.1 Introdu
tionAssembling 2D laser or sonar s
ans into a 
oherentmap is an area of interest to many roboti
s resear
hers.Many promising approa
hes have been developed andhave been demonstrated to operate su

essfully within
ertain 
onstraints. Some algorithms, for example,yield highly pre
ise maps but are 
omputationally in-tensive. Other algorithms may operate qui
kly, butwith redu
ed quality in the resulting map. Some al-gorithms require reasonably a

urate odometri
 dataand s
ans with relatively low noise, whereas other ap-proa
hes are more robust to un
ertainties. Nearly allalgorithms, however, are demonstrated in operationon one spe
i�
 type of laser s
anner data. This paperreports the results of our initial investigations of thestrengths and weaknesses of alternative te
hniques forlaser s
anner mapping, developing quantitative and

qualitative measures of their similarities and di�er-en
es when applied to data generated from two di�er-ent types of laser s
anners { the A
uity and the SICK.Our approa
h fo
uses on three very di�erent algo-rithms for laser s
anner mapping: (1) Thrun's map-ping based on Markov lo
alization [4℄, (2) Lu andMilios' iterative dual 
orresponden
e algorithm [1℄,and (3) Touzet's model-free landmark extra
tion al-gorithm [5℄. We present the initial results of our ex-perimentation of these algorithms on this data, 
om-paring them in terms of the quality of the resultingmap, 
omputational requirements, and sensitivity toodometry error and sensor noise. We have not yet
ompleted a 
omparison of all the algorithms on allthe data sets for all of the identi�ed issues of sensoryand odometry noise. However, the results developedto date are instru
tive and begin to show the 
hara
-teristi
s and 
ontrasts of the 
apabilities of the variousmapping algorithms.In the next se
tion, we provide some ba
kground of thethree approa
hes and the two types of laser s
anners.We then present the results of our 
omparisons in theremaining se
tions.2 Ba
kgroundAssembling laser or sonar s
ans of a 2D indoor envi-ronment into a 
oherent map is an area that has beenextensively studied in roboti
s resear
h. Re
ent devel-opments in roboti
 s
an map assembly are aimed atimprovements in the areas of a

ura
y of s
an assem-bly and 
omputational eÆ
ien
y (e.g., [3℄). A
hievingboth 
an be very diÆ
ult; some highly a

urate algo-rithms require the 
omparison of ea
h point in a s
anto every other point in the pre
eding s
an, whi
h is
omputationally intensive. Conversely, a
hieving realtime map produ
tion often requires some short
uts,resulting in s
an mat
hing falling into lo
al minimainstead of the true orientation. Ideally, an algorithm



for real time map s
an assembly would be an e�e
tive
ompromise of a

ura
y and qui
kness. By �tting onlysome points in ea
h s
an with sele
ted points from themap, some s
an orientation a

ura
y is sa
ri�
ed inorder to realize a drasti
ally redu
ed run time.Three interesting approa
hes to mapping are the iter-ative dual 
orresponden
e (IDC) approa
h developedby Lu and Milios [1℄ the Markov lo
alization approa
hof Thrun [4℄, and the model-free landmark mat
hingalgorithm of Touzet [5℄. The IDC algorithm worksby 
omparing two s
ans and initially reorienting these
ond s
an into the 
oordinates of the �rst using odo-metri
 readings, then �nding the best �t by translat-ing and rotating the se
ond s
an until they are opti-mally pla
ed. The key idea in the Thrun algorithmis to 
ompute a dis
rete approximation of a probabil-ity distribution over all possible poses in the environ-ment, and then base the mapping upon this a

uratelo
alization. The Touzet approa
h is based upon theuse of simple but robust primitives to extra
t impli
itlandmarks that enable a s
an mat
hing to be
ome in-dependent of the number of laser s
an range measures,thus making real-time on-board mapping possible.Two types of laser s
anners were used to gather datato test these algorithms: the SICK and the A

u-Range, shown in Figure 2. These s
anners return alist of points 
orresponding to the interse
tion pointsof a laser beam with obje
ts in the robot's environ-ment. The laser beam rotates in a horizontal planeand emanates from the sensor mounted on the robot.A range s
an is a 2D sli
e of the environment. Pointsin the range s
an are given in a polar 
oordinate sys-tem whose origin is the position of the laser s
anner.The dire
tion of ea
h range measure may be providedby the laser s
anner.The A

uRange s
anner is a more lightweight, lesspower-demanding sensor than the SICK. However, itsa

ura
y is less than the SICK s
anner, and the data isless 
onsistent (e.g., missing data points are 
ommon).These in
onsisten
ies in the A

uRange data lead todistortions of 
at surfa
es that make 
oherent map-making quite diÆ
ult.The Thrun algorithm was originally implemented andtested using SICK laser s
anner data1. The Luand Milios algorithm was implemented and tested byour 
olleagues [2℄, and was initially implemented andtested using A

uRange laser data. The Touzet al-gorithm was implemented by us and was tested usingA

uRange laser data.1We obtained this implementation and data dire
tly fromThrun.

Figure 1: The Urban Robot, whose tra
ks provide onlyminimal odometry information.The noise asso
iated with a range s
an is important.Su
h noise is usually redu
ed by statisti
al methods.However, the energy 
onsumption asso
iated to lasers
anner operation makes this solution prohibitive formobile robots. The s
an rate frequen
y is kept at thebare minimum (order(s) of magnitude smaller thanwhat 
ould be a
hieved). Therefore, range s
ans areinherently noisy, and s
an mat
hing methods must a
-
ount for it.For a long time, odometry { i.e., the ability to 
omputethe robot position by monitoring the motor en
oders{ has been the only tool available to lo
ate a robotin its environment. It supposes that a model of themap has been made available for the robot. However,even in 
ontrolled environments, small errors due tofri
tion and slippery tends to a

umulate, until theposition estimation is of no use. Today, odometry ismostly used in 
ombination with sensors su
h as sonar,stereo-vision and laser range. A lo
al odometry 
anbe very helpful for s
an mat
hing, sin
e the distan
etraveled between two following s
ans is usually small,and the odometry is reset after ea
h mat
h. However,more re
ent robots, su
h as the Urban Robot shown inFigure 1, are equipped with tra
ks to enable naviga-tion in more 
hallenging terrains. However, tra
ks, asopposed to wheels, do not even allow for a minimumodometri
 performan
e. Therefore, mapping methodsfor robots su
h as the Urban Robot must be basedprimarily on range s
an mat
hing.3 Approa
hIn our experiments to date, we have 
olle
ted 
ompar-ative data of both Thrun's algorithm and the Lu and



Figure 2: The SICK and A

uRange laser s
anners.The SICK has a range of about 50 meters, 
overageof 180 degrees, with a resolution of � 50 mm. TheA

uRange 4000 laser has a range of about 25 meters,
overage of 360 degrees (minus the support stru
turefor the mirror), and a resolution of � 50 mm.
Milios algorithm when running the SICK laser data,as well as two sets of A

uRange data. We have alsoinvestigated the sensitivity of the Thrun approa
h todata error rates and odometry error rates when pro-
essing SICK laser data. We have run the Touzetapproa
h using A

uRange data, and have 
omparedthese results with the Lu and Milios approa
h for A
-
uRange data.We tested these algorithms both qualitatively as wellas quantitatively. We subje
tively observed the qual-ity of the resulting maps to ensure their 
oheren
e.We 
olle
ted quantitative data on the 
omputationalrequirements of the approa
hes, as well as the sensi-tivity of the Thrun algorithm to data and odometryerror rates. The 
omputational time 
omparisons were
al
ulated while running the algorithms on a 60 MHzSpar
-20 
omputer with 64 megabytes of RAM and a36 kilobyte 
a
he. The number of s
ans pro
essed andthe total length of time to �nish were re
orded. Theexperiments were run using data 
olle
ted from thesame environment, the 
omplete 
oorplan of whi
h isshown in Figure 3.

Figure 3: The 
omplete 
oorplan of the area in whi
hthe SICK and A

uRange laser data was 
olle
ted.4 ResultsOur most important result shows the dependen
e ofthe mapping algorithms on the type of laser s
annerdata used. The algorithms vary 
onsiderably in allthe aspe
ts we studied - map quality, 
omputationalrequirements, and sensitivity to odometri
 and sensornoise. No single algorithm is best in all fa
tors forboth types of laser data. Our results illustrate theimportan
e of fully understanding the requirementsof the appli
ation and sensory data 
hara
teristi
s insele
ting an algorithm for autonomous robot indoormap building.Figure 4 shows the qualitative 
omparisons of theThrun approa
h using SICK data, the Lu and Mil-ios approa
h using A

uRange data, and the Touzetapproa
h using A

uRange data. These results showthe algorithms in their \best 
ase", running the lasers
anner data for whi
h they were designed.Table 1 shows the runtime 
omparisons of these ap-proa
hes. For the Lu and Milios algorithm, the A
uitydata #1 took 75.8 se
onds per s
an, the A
uity data#2 took 116.1 se
onds per s
an, while the SICK dataonly required 6.04 se
onds per s
an. This is not sur-prising; given that the SICK data has 180 points pers
an and the A
uity data has between 1200 and 1500points per s
an, an O(n2) algorithm should pro
essthe SICK data 52 times as fast. Sin
e the SICK datawas only pro
essed twelve times as fast as the A
uitydata set #1 and nineteen times as fast as the A
uity



Figure 4: Qualitative 
omparisons of the Thrun, Luand Milios, and Touzet approa
hes to mapping.

data set #2, this indi
ates that there is a 
onstantamount of time per s
an in addition to the O(n2) partthat is required for building the map.Table 1 also shows the results of the two sets of A
u-ity laser data and the SICK data using Thrun's al-gorithm. The �rst A
uity data set took 3.48 se
ondsper s
an, the se
ond A
uity data set took 0.795 se
-onds per s
an, and the SICK data took only 0.473se
onds per s
an. On
e again, the di�eren
es betweenrun times of the data sets are to be expe
ted. A largerset of points per s
an will require more pro
essor timeto 
orrelate with ea
h other.The se
ond A
uity data set has an anomalously lowrun time; we believe this is due to the display fun
-tion. The �rst A
uity data set had a s
aling fa
torapplied to ea
h data point to in
rease the size of thedisplayed map without 
hanging proportions. The se
-ond A
uity data set had data values too large to ap-ply a s
aling fa
tor to, but produ
ed a smaller dimen-sioned map than either the �rst A
uity data set orthe SICK data, and thus ran faster during the displayfun
tion. The interesting 
omparison is between runtimes for Thrun's program and run times for Liu andMilios. While the SICK data only ran 12.8 times fasteron Thrun's algorithm than Lu and Milios, the A
uityset 1 ran 21.8 times as fast. This is a signi�
ant re-du
tion in time and allows a map to be assembled asthe robot is taking the data. From this perspe
tive,the Thrun algorithm is very time eÆ
ient.Comparing the Lu and Milios map with the Touzetmap, as shown in Figure 4, shows that they result insimilar qualities. Similar diÆ
ulties, relative to the a
-
umulation of errors generating a 
orridor 
urvature,is present. The major di�eren
e lies in the 
omputa-tion time. The Touzet fast indoor mapping algorithmonly requires an average of 0.3 se
onds per s
an, whi
his a signi�
ant savings.Testing for map assembly a

ura
y was more involvedthan testing for time eÆ
ien
y. Thrun's algorithmwas unable to 
onsistently pie
e together many s
ansfrom the A
uity laser data, whether or not odometryinformation was used. This seems to imply that oneof the following is true: Thrun's program is not gen-eral enough to a

urately assemble other sets of data,the A
uity laser data is not a

urate to within therequirements of the program, or the simulated odom-etry is not a

urate to within the required bounds ofthe program. We 
hose to operate on the assumptionthat the laser data and odometry data had ex
eededthe a

eptable amount of error.To test these assumptions, error was introdu
ed into



A
uity data #1 A
uity data #2 SICK dataLu & MiliosS
ans used: 1032 1082 101Runtime: 75.8 se
/s
an 116.1 se
/s
an 6.04 se
/s
anThrunS
ans used: 600 450 1559Runtime: 3.48 se
/s
an 0.795 se
/s
an 0.473 se
/s
anTouzetS
ans used: 1032 1082Runtime: 0.3 se
/s
an 0.3 se
/s
anTable 1: Comparative results of two sets of A
uity laser data and one set of SICK data, when pro
essed by themapping algorithms.the SICK data and were run using Thurn's algorithm.The assumptions were that the data in the SICK pa
k-age realisti
ally re
e
ted the environment, i.e., theodometry had a negligible amount of error and thelaser data was a true indi
ation of distan
e, and thatintrodu
ed error would 
u
tuate randomly around theoriginal value but be held within 
onstraints. Thus, wewould be modeling a laser and odometry devi
e thatguaranteed values within a 
ertain error per
entageof the \true value." Error per
entages based on theamount of movement of the robot were used. Twentytrials were run for ea
h set of values for odometry errorand data value error.Our results, shown in Figure 5, were somewhat sur-prising. We had expe
ted that measurements made bythe lower quality laser A

uRange laser were the mainreason that Thrun's program was unable to 
onsis-tently pie
e together the A
uity s
ans. However, thetests show that 15% 
u
tuation in data values aboveor below the \true value" still resulted in su

ess over60% of the time. The map outlines are signi�
antlyblurred beyond what would be reasonable to expe
tfrom a fun
tioning laser, but the program 
an still as-semble the s
ans. Thus, it is not likely that low laserquality is the 
ause of map in
oheren
e while utilizingodometry.However, a mere 4% 
u
tuation above or below the\true value" for the odometry with no data error re-sulted in only a 35% su

ess rate, with an average of.75 failures per trial. Adding data error did a�e
t thefailure rate somewhat, but mostly it seemed linked tothe odometry. With 4% 
u
tuation in odometry and17.5% in data, the su

ess rate had fallen to 20% andthere was an average of 1.2 failures per trial. At 4%
u
tuation, there were twenty-�ve o

urren
es of twofailures per trial and two more o

urren
es where therewere three failures per trial. Out of 112 failures, 34o

urred between s
ans 500 and 600, and another 37
Figure 5: Failure rates versus data error rates, forodometry error rates of 5% and 8%, for the Thrunalgorithm applied to SICK laser s
anner data.



failures o

urred between s
ans 1000 and 1100. Theseare both spots where the robot exe
uted a turn andthere was a strong opportunity for s
ans to be
omemisaligned. At 2.5% 
u
tuation, there were only thir-teen o

urren
es of two failures per trial, and nonewith three failures. Out of 74 failures, 40 o

urredbetween s
ans 500 and 600, and another 22 failureso

urred between s
ans 1000 and 1100.5 Con
lusions and Future WorkIt seems obvious that Thrun's and Touzet's algorithmsare superior in the area of time eÆ
ien
y over theLu and Milios algorithm. Thrun's algorithm provideshigh map a

ura
y when measured by error toleran
es.Certainly it is robust when 
onsidering data measure-ments that have random error, although 
onsistent er-rors or a bias might 
ause di�erent behavior. However,it seems to require only a little odometri
 error to de-stroy map 
oheren
e. Possible future studies mightpropose a more realisti
 model of odometri
 error, su
has a

umulated error or only add error when the robotturns through an angle. Other studies might test theperforman
e of Thrun's algorithm at more 
ommonlyexperien
ed error levels, su
h as 2-5% laser error.This paper has presented the initial studies of 
ompar-ing three very di�erent approa
hes to autonomous in-door mapping based upon two types laser range data.While the results are still in
omplete, they seem to in-di
ate the importan
e of identifying the requirementsof the appli
ation and the 
hara
teristi
s of the avail-able sensor in determining the most appropriate algo-rithm for autonomous indoor mapping. Our resultsshould be useful for future appli
ations of robot map-ping, by providing guidan
e for making the appropri-ate algorithm sele
tion given the 
onstraints of the
urrent appli
ation and sensors.A
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