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Abstract— Failure data on mobile robots is critical for
three reasons:to support the theory of autonomous fault
detection, identi cation, and recoery necessaryfor success
in new domains; provide designand manufacturing feedback
to the robotics community; and permit project managers
to accurately create development schedules. The failur es
considered in this paper occurred over a period of 2 years,
in a variety of ernvironments. Failure type and frequency
data were collected from thirteen robots representingthr ee
manufacturers and seven models. The data was analyzed
using standard manufacturing measures for the reliability
of a product. The meantime betweenfailures representsthe
averagetime to the next failur e. Availability wasusedto gauge
the impact of a failur e on a project. The resultsshow that the
reliability for mobile robotsis low, with an averageMTBF of
8 hours and availability of lessthan 50%. The platform itself
was the source of most failur es (42%) for eld robots, while
the control systemwas responsiblefor 29% of the failur es.

|. INTRODUCTION

Mobile robots have beenan active topic of research
since1967.[9 They are becomingincreasinglyimportant
for civilian applicationssuchas urbansearchand rescue
(USAR), and military applicationssuch as military op-
erationsin urbanterrain(MOUT) andthe FutureCombat
System(FCS).Failure dataon mobile robotsis critical for
atleastthreereasonsto supportthe theoryof autonomous
fault detectionjdenti cation, andrecovery (FDIR) neces-
saryfor successfulelding in thesechallengingdomains;
to provide design and manufcturing feedbackto the
robotics community; and to permit project managersto
accuratelycreatedevelopmentschedules.

In order to autonomouslydiagnoseand recover from
robot failures,causalmodelssuchas[7] and[18] require
thetypeandfrequeng of failures.Thefailuremodeversus
the symptomis also importantin designingcooperatie
diagnosticsystemssuch as SFX and teleVIA. The fre-
gueny of failuresof componentainderwhat conditions
areimportantinformationfor manufcturersThey canuse
this datato make improvementsto the currentgeneration
of robotsandto be proactie in their designsof the next
generationFailure datais neededo allow researcherand
programmanagerdo betterestimate,and control, devel-
opmenttime. For example,if robotsare unavailable due
to repairsfor 25% of the year then projectedschedules
must take that into accountin order to be accurateor a
technicianmight be hired to completerepairsfasterthan
an averagesoftware specialistwould be ableto do so.

The experienceat the University of SouthFlorida(USF)
with mobile robots provides a reasonablepreliminary

databaseThe Centerfor Robot-AssistedSearchand Res-
cue, formerly the PerceptualRobotics Laboratory has
nineteenmobile robots from ve manufcturers.These
robotsareeitherresearchiobotsor commercially-aailable
robots built in limited quantities.Researchat USF tests
software underlaboratoryconditions,and/orhigh delity
outdoor simulationsof military operationsin urban ter-
rains(MOUT) andurbansearchandrescugUSAR). More
than100hoursof eld work peryearareconductedy the
lab. Ongoingresearchhasbeenconductedn the areaof
sensotfailure detection,identi cation, andrecovery since
1993[4], sothereis signi cant motivationto obsere and
analyzefailure data.

This paperexaminesthe userlogs of the most heavily
usedrobots at USF and collected failure type and fre-
gueng datafor eachsubsystenof a mobilerobot: effector
(or platform), control systempower, wirelesscommunica-
tion, andsensing In addition, the failure datawas further
analyzedusing standardmanuficturing measuredor the
reliability of a product. The meantime betweenfailures
representshe averagetime to the next failure. Availability
was usedto catalogthe impactof a failure on a project.

Il. REVIEW OF THE LITERATURE

Failures are not an uncommontopic in the literature
though most work in roboticsfocuseson fault detection
and diagnosis.In this area, model-basedmethods are
predominant.Such methodsuse explicit models of the
normalbehaior of the robotto detectand diagnosefault
conditions.Examplesof thesecan be found in [6], [7],
[17], and [18]. Other methodsare basedon rules at the
planning level or partial casual models of the system.
Representate examplesare [2], [3], [4], and [15]. Less
common methods for dealing with failures on robots
are expert systemg5] andagreement-baseslstemg14]
which use only agreemenbetweenredundantsensorgo
detectfaults.

What is not found in the literature is analyseswhich
explore how robotsfail andthe underlyingreason$ehind
thosefailures.Onereasonfor this may be that the design
of a fault tolerant systemfor mobile robots is focused
on the ability to handleor at leastto learn from new,
un-modelledfaults. While this is feature is important,
knowledge of commonfailures, their causesand repair
stratgiescanhelp in the designand optimizationof such
systems.The designersf systemsfound in [2], [3], [5],
theplannerfor [15], and[18] would befar moresuccessful



with accuratenformationabouthow robotsfail. Mackey's
[7] systemis already designedto use whatever failure
information its developerscan provide while only slight
modi cations to [4] would allow it to use frequeng
informationto optimize the diagnosisprocess.

A recentworkshopon Robotsin Exhibitions produced
two paperswhich provide someinsight on the reliability
of mobile robots actively usedfor long periodsof time.
Nourbakhsh[12] describesa set of four autonomous
robotsusedfor a periodof ve yearsasfull-time museum
docents.Their robotsreacheda meantime betweenfail-
ures(MTBF) of 72to 216hours.Tomatis[16] is especially
interestingin that their results are similar. While their
analysiss morenarrow in boththeapplicationsandrobots
analyzed,their MTBF was 7 hours, similar to the 8.3
MTBF found here. Also, they did not break down their
failure analysisinto the samesetsof componentsbut it is
interestingto notethatthe componenmentionedasbeing
particularly troublesomewas a motor controller which is
consistentwith the ndings describedn Sec.IV-B.

Anotherinstanceof this type of analysisin the robotics
literatureis [8], which is a detailedanalysisof the failures
encounteredvith the robotsusedduring the World Trade
Center(WTC) rescueoperation.This paperexpandsthe
knowledgeof how mobilerobotsfail by analyzingthe data
for failureswhich occurredin a variety of ervironments
and over a long period of time (2 years),as compared
to the two week period during the robot-assistedVTC
responsd8].

I1l. METHOD

Userandfailureslogs sened asthe sourcesof datafor
this analysis.A total of 97 failureswere recordedover a
period of two years,speci cally June21, 2000 through
July 31, 2002. Prior to February2002, informal records
werekeptincluding changedo the robotsandinformation
aboutongoingrepairs.Startingin February2002 formal
failureanduserlogswerekept. The userlogswereentered
by the robot's operatorandthe failure logs wererecorded
by the personwho performedthe repair Sincethen over
670hoursof usagehave beenlogged,including283hours
of eld work.

Thefollowing informationwasgatheredor quantitatve
analysis:which robot was involved who repaired it, the
date the failure was discovered the date the failure
was xed, the total repair time, which componenfailed,
whee the failure occurred, and whee the repair was
performed In orderto determinethe expertiserequiredto
effect a repait the individuals who performedthe repair
were separatednto two groups:hardware specialistsand
operatorsA similartaxonomywascreatedor thelocation
of the failure andthe repair; seeSec.llI-B.

It should be noted that there is a gap of 5 months
in which no failures were recorded.Much of this time
was spentwriting up the results of earlier eld work,
and participatingin the rescueandrecovery efforts at the
World TradeCenter The majority of the robotsusedat the
WTC were sentto the manugcturerfor repair andwere

not returnedfor several months. Thereforethe majority
of robotsusedin the lab were not available during that
time period. As mentionedin Sec.ll, a detailedanalysis
hasalreadybeendone on the use of robotsat the WTC

responseusing video footage.[§ The failuresidenti ed

during the responseare not includedin this analysis.

A. Robots

Of the nineteenmobile robots at USF, thirteen were
consideredy this analysisThesehirteenrobotsrepresent
sevendifferentmodelsmadeby threemanufcturersThey
areusedfor fundedresearchas opposedo the remaining
six which are dedicatedo educationand demonstrations.
Robotsmassproducedor the entertainmenindustry such
asthe Sory Aibo, are not included.Eleven of the robots
senein eld domains.Field robotsare expectedto work
outdoors,thoughgenerallynot in rain or snov. They are
intendedto be ableto handlerougherterrains toleratedirt
anddust,even multi-storyfalls. Thetwo indoorrobotsare
the more traditional researchrobots, with small, narrav
wheelssuitablefor operatingon smooth at surfaces.

The intention of the paperis to provide a useful
guanti cation of how robots fail, not to compareand
contrastthe reliability of one manufctureror model to
anotherIndeed theresultsbelowv suggesthat eld robots
have similar reliability scoresregardlessof manufcturer
To maintain focus on how and how often robots fail
rather than which robotsfail, the paperlabels the three
manufcturersby X, Y, andZ, with modelslabeledA... G.

Table | includesthe label for the robot's manufcturer
andmodelaswell asthe numberof robotsusedin thelab,
the robot's size, and the generalapplicationfor which it
wasdesignedThe sizeof arobotsis eitherman-pa&able
or man-portable[8] A man-packableéobot canbe safely
carriedby oneperson A man-portablgobotis largerthan
aman-packableobotbut still canbecarriedin aHUMMV
or personaktarandcanbelifted in andoutby oneor more
people. A RemotecAndrosrobotfor Explosive Ordinance
Disposalis an exampleof a mobile robotthatis not man-
portable;it requiresa specialtrailer and lifts or rampsto
transportit.

A robot is usually designedfor a specic domain.
Models A andB weredesignedor chemicaland nuclear
inspection,though they were usedfor urban searchand
rescue(USAR) and military operationsin urbanterrains
(MOUT). ModelsC andD werespeci cally designedor
MOUT, while E andF were designedor generaloutdoor
researchModel G wasintendedfor indoor research.

Field X A and B model robots are shoeboxsized
robotswith a footprint no larger then 15.5 by 30.5 cm,
see Fig. 1. Both are tracked vehicles and do not have
onboardcomputers.Both have the sameonboardsensor
suite, which consistsof a microphone,spealer, a motor
driven manual-focusCCD camera,and a cameratilt unit
with halogerlighting. Model B robotsalsohave the ability
to adjustthe shapeof the platform's chassisto raise or
lower the cameratilt unit and changethe track pro le.



TABLE |
THE ROBOTS USED AND SOME OF THEIR CHARACTERISTICS.
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= | Size = # | Purpose

A | man-packable| Field X 1 | inspection

B | man-packable| Field X 3 | inspection

C | man-packable| FieldY 3 | MOUT

D | man-packable| FieldY 2 | MOUT

E | man-portable | FieldY 1 | outdoorresearch
F | man-portable | FieldY 1 | outdoorresearch
G | man-portable | IndoorZ | 2 | indoorresearch

Fig. 1. A Field X man-packablénspectionrobot.

Field Y C wasa precursornf the D modelrobots.Both
are aboutthe size of a large backpackwith a footprint
of 61 by 51 cm, seeFig. 2. They are tracked vehicles
with mobile Pentiumll or Il classprocessoronboard.
Both the C and D models carry multiple camerasand
lighting. The Model C robots also have a set of 13
sonarrangesensorsTheserobotscanalsobe modi ed to
carrytwo-way audio,thermalimaging,low-light cameras,
GPS, attitude sensor compass,chemical detectors,and
manipulatorsBoth were developedfor MOUT operations
though only the Model D has featureswhich make it
durable enoughfor such operations.For example it is
shock resistant,water resistant,and less susceptibleto
detracking.

Field Y E andF modelsarelarger, wheeledrobotswith
skid steering.The E modelrobot hasa footprint of 78 by
62 cm and the F model is 104 by 81 cm. Both carry
mobile Pentiumll or Il classprocessorsBoth the E and
F modelscarry multiple camerasTheserobotscanalsobe
modi ed to carry two-way audio, thermalimaging, low-
light camerasGPS, attitude, compasschemicalsensors,
andmanipulatorsThe E modelrobotsaresmallenoughto
be usedfor bothindoor or outdoorresearctprojects.The
larger, Model F, robots are less maneuerable,but have
a much longer batterylife and the capability of carrying
smallerrobotslike the Model C or D's.

G model robots, shavn in Fig. 3, are cylindrical in
shape,with a 53 cm diameter Both are wheeledrobots
with synchronousnon-holonomicdrive systems.These
robots have two onboardcomputerswith Pentium-class
processorsTheir sensorsuite may include tactile, ultra-
sonic, and basicvision systems.

Anotherimportantfactorto considerwhen comparing
robot modelsis their maturity The Field X robots are
the mostmature;over ten yearsworth of experiencewith

Fig. 2. A man-portablegeneral purpose eld robot (top), and a
MOUT eld robotinteractingwith alarger eld robot(bottom),all from
manufbcturerField Y.
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Fig. 3. Two modelsof Indoor Z's researctrobots.

similar platformswentinto the designof theserobots.The
G model was developedin 1996. Both E and F models
have beenin productionfor about ve years.The C model
robots were rst developedin 1999 and went through
severalmajormodi cations duringthe next two years.The
D modelis the newest, it was rst producedin 2001.

B. De nitions

For the purposesof this paper a failure is de ned as
the inability of the robot or the equipmentusedwith the
robotto functionnormally. Both completebreakdeavnsand
noticeabledegradationsare includedin this analysis.

An example of a failure that was encounteredwas
a problem with the wheelson the Model C robots. In
two casesthe wheelswarpeddueto exposureto heatin



eld exercises,immobilizing the robot. An example of

a commonfailure for Field X robotsis a failure of the

control systemwherethe robot becomeainresponsie, or

freezes.This may be an example of supportequipment
failure if the sourceof the problemis not on the robot,

but within the control unit usedto tele-operatehe robot.

A good example of a degradationwas encounteredvith

a Model G robot. In this case,a faulty cameracable
causedsignallossfrom a cameraon therobot. The restof

the robot, including the secondcamera,was not affected
by this failure. Suchdegradationsmay or may not affect
the usability of the robot, dependingon the task. A task
which requiresstereovision, for example, could not be
performedwith a single camera.

Eachfailed componentwas separatednto one of ve
catgories, these being control system,effector power
sensingandwirelesscommunicationsT he control system
catgyory includesthe onboardcomputerand software or
the control unit. Effectorsare ary devices that performs

actuationsuch as the motor, appendagesreads/wheels,

and ary connectionsrelatedto those components.The
power category includesary componentthat affects the
power systemof therobot. Examplesof thesewould bethe
batteries,chagers,and various connectionsallowing the
robot to be powered. The sensingcateyory includesary
sensorsand the connectionsor software that may affect
their functioning. Finally, the wireless communications
catgyory coversthe wirelessequipmentusedby Field Y
and Indoor Z.

The locationin which the failure occurredwas placed
in oneof two categories:in-lab or in- eld . In-lab failures
aresimply ary failureswhich occurredin thelab. In- eld
failuresoccurredoutsideof thelab, usuallyduringdemos,
outdoortesting,or training sessions.

The type of failure is similarly divided into a binary
catgyory of eld-repaired versusnot eld-r epaired Field-
repairedfailureswerefailureswhich wererepairedin the
eld. Theserepairsmay have or may not have required
a hardware specialistto carry out the repair Note that
eld repairedis notthe sameas eld repairable All other
failures fall into the not eld-repaired category. These
include failures which were x ed in the lab and those
which werereturnedto the manufcturerfor repair

C. Calculations

All the formulasusedfor reliability analysisof the data
were taken from the IEEE standardspresentedn [13].
The meantime betweerfailuresor MTBF is calculatedby
equation(1). This metric providesa roughestimateof how
long one can expectto usea robot without encountering
failures.Anothermetric usedin this analysisis the failure
rate, which is simply the inverseof MTBF. Availability
is calculatedusing (3), wherethe Mean Time To Repair
MTTRis de ned asin (2).

Numberof Hours RobotWasin Use
MTBF = 1
Numberof Failures (1)

TABLE 1l
OVERALL FREQUENCY AND MTBF BROKEN DOWN BY

MANUFACTURER.
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Manufacturer [ In-Lab | In-Field

Field X 3 34 0.17 | 6.03
Field Y 31 12 0.16 | 6.13
Indoor Z 16 0 0.05 | 19.50
Overall 50 46 0.12 | 8.29

Numberof Hours SpentRepairing

MTTR = . 2
Numberof Repairs @
S MTBF
- 0,
Avail ability MTBE + MTTR 100% 3)

It may be recalledthat the usagelogs do not cover the
entire time-framein which the failures occurred.In an
attemptto remedythis discrepang, logs were addedfor
every failure which did not alreadyhave a corresponding
entry in the usagelogs. The estimatedusagehours for
the addedlogs was determinedby taking the average
duration of similar, known entries.Similar usageentries
correspondo loggedfailuresfor robotsof the sametype.
If no suchrecordsexist, all the entriesfor thatrobottype
were considered.

Any othervaluesincludedin this analysiswere calcu-
lated using the implied formula. For example,the proba-
bility that a failure was causedoy a componentype c is

simply (4).

Numberof FailuresCausedy c
Total Numberof Failures
IV. RESULTS

(4)

P (cjf ailure) =

This section examinesthe frequeng of failures, the
probability that a failure was causedby a particulartype
of component,and the impact of failuresin terms of
availability and downtime.

A. How oftendo robotsfail?

Table Il shavs how frequentlyfailures occur with the
robotsin Table I. It shavs the total numberof failures
recordeddivided into in-lab and in- eld as de ned in
Sec.lll-B. It alsoshows the overall frequeng of failures,
in failuresper hour, and the meantime betweenfailures
(MTBF), in hours.The failuresare groupedby manufc-
turer, with overall statisticsprovided at the bottom. One
of the Field Y failuresactually occurredwhile the robot
was with the manufcturer This location could not be
cateyorized as either in-lab or in- eld, leaving the total
numberof failuresat 96, asopposedo 97. Thisfailurewas
includedin the overall frequeny and MTBF calculations
for that manufcturer

This table provides a high level prospectie on how
often robotsfail and underwhat conditions.It alsoraises



someadditionalquestionsThe answerto thosequestions
lays in the more subtle factorshiddenin the underlying
dataandin the characteristic®f the robotsthemseles.

Oddly, the Field Y robotshave hadmorefailuresin the
lab thenin the eld. This is apparentlybecauseahey are
usedmorein the lab, only 30% of the loggedusagetime
is in the eld. This statisticis largely in uenced by the
Model C's which rarely leave the lab becausehey suffer
from severefailureswhich make themimpracticalfor use
in the eld. Examplesof the failuresseenwhile therobot
is still in thelab, includethe batteryshorting,the mercury
switchshorting,andfailure of the power hubwhich leaves
the robot immobilized.

Field X robotshave had morefailuresin the eld then
the Field Y, doesthat meanthe Field X robotsare less
reliablein the eld? Field X robotstendto be usedmore
oftenin the eld, 94% of the loggedusagetime is in the
eld. The reasonfor this is that the failurestheserobots
suffer from arelesssevereand easyto repairin the eld.
The two mostcommonfailuresare the trackscoming off
and the control systemfreezing.Both take lessthen ve
minutesto x anddo not requirea hardware specialists
expertise.Basedon theseconsiderationsField X robots
have had far more opportunitiesto fail while in the eld,
both becausethey are usedmore often and becausehe
failuresare short-lived. This is the mostlikely reasonfor
Field X robotsto have morefailuresin the eld thenField
Y's. The fact that their MTBF rates are similar would
suggesthat they are equallyreliable.

Why do the Field Y andthe Field X robotsfail more
thanthe Indoor Z researctrobots?The failuresthe Model
G's have experiencedover the pastcoupleof yearshave
either been failures of supporting equipment,like the
robot's chager, power supply or wirelessEthernetbase
units. The fact that they are only operatedin the indoor
ervironments for which they are designedis a large
contribtuting factor It is also importantto keepin mind
that most of the eld robotshave innovative capabilities
like self-righting and shape-shifting.The frequeny of
failuresfor thesenew models,especiallyas comparedto
theresearchobots,would suggesthat moredevelopment
andtestingis needeeforetheserobotscanbe trustedto
operatein their target ervironments.

B. Which componentgail?

Tablelll wasgeneratedisingthe componentateyories
de ned in Sec.lll-B. As in the previoustablethe failures
aregroupedby manufcturerwith the overall probabilities
for eachcategory shaovn at the bottom of the table. The
wirelesscommunicationgategory doesnot applyto Field
X robotsbecauseall of them are tetheredto the control
unit.

Effector failurestend to be the most common.Over a
third of thesefailuresaretreadscomingoff of their tracks
ontheModel B's or Model D's. Otherexamplesof effector
failureswould be the wheelswarping on the Model C's,
Model B's pinion gearbecomingstripped,andthe failure
of amotorampon the Model E. Thetype of drive appears

TABLE 1lI
PROBABILITY THAT A FAILURE WAS CAUSED BY A COMPONENT TYPE
BROKEN DOWN BY MANUFACTURER.

IS
g
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e |5 |5 |E |5
Manufacturer | W (8} o (8} [}
Field X 049 035] 0.05| N/A | 0.11
Field Y 0.36 | 0.30 | 0.16 | 0.09 | 0.09
Indoor Z 0 0.13 | 0.25 | 0.50 | 0.13
Overall 0.35| 029 | 0.13 | 0.12 | 0.10

to have the largesteffect on the numberof failuresin this
catgory. Effectorfailuresarethe mostcommonfor all but
Model A of the tracked robots. Only 3 effector failures
occurredon wheeledrobots.

The secondmost common source of failures is the
control system.In over half of thesecasesthe robot was
unresponsie and the solution was to cycle the power;
the sourceof these problemsremainsunknonvn. Other
examplesof control systemfailure include a corrupted
hard drive on an Model C, a timing delay which hung
the boot processon the sameModel C, and a lag in a
Model B's responseo left turn commandsAgain thereis
a cleardifferencebetweenthe eld robots'andthe Model
G's control systemsAgain this is probablydueto thefact
thatthe eld robotsareoperatedn far more challenging,
unstructurecervironments.

As might be expected,abouthalf of the power failures
on the robotsare dueto the batteryor its connectiongo
therobot.Otherexamplesof thesetypesof failuresinclude
a power switchon a Model C which did not make contact
and a wire contactbroken inside a Model G's chager.
The fact that Field X robots' batteriesare carried by the
operatorinsteadof the robot (they are connectecdto the
robot through the control unit and tether) might explain
why there are so few power failuresfor theserobotsas
comparedo the others.

The wirelesscommunicationcategory is a tight group
including mainly problemswith Field Y's or Indoor Z's
wireless equipment. The predominantfailure is unex-
plainedcommunicatioross.All of thesefailuresoccurred
within the lab. The fact that the Model G's experience
more of thesefailuresthen the other robotsis probably
due to the fact that it usesRadio-Ethernetwhich was a
precursorto all the modernwirelessstandards.

According to the data, the least common source of
failure for theserobotsis sensing.The sourceof half of
thesefailureswasbrokenconnectiondetweerthe sensors
andthe control system.The mostcommonfailed sensolis
thecameraOtherexampleof thistypeof failureincludea
faulty sonarcableanda damagedcompassbhothfoundon
Model C's. Thesefailuresappeato be similar andequally
uncommonamongthe robotsusedin the lab. This is due
in part to the fact that the manufcturerspurchasemass
producedsensordo install on the robots.Corversely the



TABLE IV
COMPARISON OF THE PERFORMANCE OF RESEARCH VERSUS FIELD
ROBOTS. ONLY FAILURESIN THE TARGET ENVIRONMENT ARE

INCLUDED.
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Manufacturer | Type * | S L =
Field X Field 341 94% | 0.16 | 6.14
Field Y Field 12 | 28% | 0.16 | 6.27
Indoor Z Research| 16 | 100% | 0.05 | 19.50

robot's effectors, control, and power systemsare custom
built by hand.

C. Performanceof reseach versus eld robots

In order to compareresearchand eld robots it is
important to consideronly failures which occurredin
the ervironmentfor which eachrobot was designed.The
statisticsin Table IV are calculatedusing only failures
which occurredin the robot's target ervironment. For
researchrobotsthat is only in-lab failures,andfor eld
robotsonly failureswhich occurredoutsideof the lab, are
included. For referencethe numberof in-lab or in- eld
failuresis copiedfrom Tablell. Thepercentagef usagdan
the target ervironmentover all the recordedusageis also
included. The performancean termsof failure metricsis
capturedn the overall frequeng of failuresandthe mean
time betweenfailures(MTBF).

The statisticspresentedn this table indicate that the
researcltrobotsfail lessoftenin their target ervironments
than eld robots. The MTBF for the researchrobotsis
more than three times the MTBF for both Field X and
Field Y's eld robots.The numberof failuresprovidesa
lessclearpicture.Field Y's modelshave failed fewertimes
in their target ervironmentthen Indoor Z's. It would be
misguidedo considetthisa pointin the eld robots'favor,
consideringthat theserobots fail more in the lab (72%
of failuresarein lab) thanin the eld. The failuresand
usagedatarecordedo dateleadto the conclusionthatthe
researchrobotsare more reliable in their target erviron-
mentthenthe eld robots.As mentionedn Sec.IV-A, this
appearsto be due to the innovative capabilitiesof these
robots,and the inherentdif culty in constructinga robot
which canoperatein unstructuredputdoorernvironments.
Again the datawould suggesthat more developmentand
testingis neededfor theserobotsto attain the level of
reliability seenwith Indoor Z's researchrobots.

D. Impactof failures

Table V shaws the collective impact of thesefailures.
The projectedavailability of the robot is included as a
percentageof time. This metric, also called reliability,
shouldbe interpretedasthe probability that the robot will
be functional at a particular point in time. The average
downtime, divided into overall, eld-repaired, and not
eld-repairedasde nedin Sec.llI-B, is alsoincluded.Av-
eragedowntimeis theaverageamountof time in whichthe

TABLE V
AVERAGE DOWN TIME AND AVAILABILITY.

2
E
=1 i
g S
= < AverageDowntime (hrs)
Overall | Field Re- | Not Field
paired Repaired
Field X 83.6% | 195 0.13 703.3
Field Y 23.9% | 353 2.66 411.3
IndoorZ | 93.9% | 60.5 0 60.5
Overall 46.6% | 243 0.6 367.9

robot was not usedasthe resultof a failure. The failures
are againgroupedby manufcturerand then summarized
at the bottom. The averagedowntime for eld-repaired

failureson Model G's is 0 becauseno failuresof this type

have beenrecorded.

In studyingthesenumbersit is importantto remember
that availability (3) is calculatedusingthe averagerepair
time (2). Otherfactorswhich affect the averagedowntime,
like low priority repairs waiting while other tasks are
completedby the hardware specialistscan make it much
largerthenthe averagerepairtime. This in uence is most
evident in the availability of the Field X's, which is
quite high consideringthat they have the highestaverage
downtimefor failuresthatwerenot repairedin the eld. It
also helpsthat 70% of the failuresrecordedfor the Field
X'swererepairedin the eld, andthesefailureshave both
low repairand downtimes.The oppositein uence canbe
seenwith Field Y's models where 86% of the repairs
are carried out in the lab or require returning the robot
to the manugcturer The repairtime for thesefailuresis
customarilylonger which resultsin the low availability
rateseen Anothergoodexampleof thedifferencebetween
downtimeandrepairtime is Model G's averagedowntime
of 60.5 hours,which is much larger than the 1.26 hours
calculatedor averagerepairtime. In this casetwo failures
were left un x ed for over a week while the hardware
specialistavere on vacation,whereaghe repairsfor these
failuresonly took a few hourseach.

V. DISCUSSION

This sectionoffers somesupportfor the validity of the
statisticgpresentedh Sec.lV aswell asa discussiorof the
implicationsof theseresults.Finally, someimprovements
for future datacollection are presented.

A. Validity of the data

It mayseemcounterintuitive,with anoverallmeantime
betweerfailuresof lessthan9 hours,thatonly 97 failures
were recordedover a period of two years.Keepin mind
that MTBF is often usedfor systemslike power plants,
and leserverswhich arein constantuse.This is not the
casewith mobilerobots.TableVI considersonly thetime
period for the userlog, broken down by month, during
which 673 hours (28 days) worth of usageis logged.
The “Field Usage'and "Total Usage' columnsshaw the



TABLE VI
USAGE AND FAILURESBY MONTH FOR 2002.

Month | Field Usage | Total Usage | # of Failures
Feb 24.2% 38.1% 7

March | 4.6% 11.8% 12

April 0.6% 10.9% 4

May 17.1% 33.4% 2

June 2.9% 5.2% 1

July 7.5% 18.7% 11

Overall | 7.4% 17.1% 37

percentagef time that the robotswere usedin the eld
andoverall, respectiely. The last columnshaws the total
number of failures recorded.The last row provides a
summaryof the sameinformationover the entire5 month
period. This shavs thatthe robotswereonly actively used
about17% of thetime.

Even taking into accountthe fact that robots are not
in constantuse, over a period of 673 hours a total of
81 failures should have occurredwhereasonly 37 were
logged. The reasonfor this disparity is that the 8.3 hour
MTBF statistic was calculatedfrom all of the failures,
including thosewhich occurredbeforeusagewaslogged.
Thereforethe usagetime associatedwvith thesefailures
is estimated.This discrepanyg is offset, however, by the
fact that commonfailurestend to go unrecorded Good
exampleswould be systemfreezeswhich can be x ed
by rebooting. Some failures happenso frequently that
experiencedoperatorswill often x the problemwithout
consciouslyrealizing that a failure occurred.

Another point to consideris that over a third of the
logged usageover the pasttwo years has occurredin
the eld. In this casethe eld consistsof a variety of
ervironmentsfrom demodgor kidsin carpeteclassrooms,
to naval researchvessels,to urban searchand rescue
testbeds.The vast majority of eld ervironmentsthe
robotshave encounteredvere not scienti cally managed
for their safety but qualify as real world experiments
which testthe limits of their capabilities.

B. Implications

The resultsindicate that eld robots fail more often
and are available lessthan researctrobots. One possible
explanationis that the designand speci cation of robots
for demandingeld conditionsis eithertoo narrov or in-
complete.The typesof failuresalsoimply manufcturing
de cits, particularlywith quality control.

Field robotsare often usedfor domainsoutsideof their
original scope.For example,Field X robotsare designed
for inspectiorof pipesor ductswith hard,smoothsurfaces.
Themostcommonfailure for Field X robotsis detracking
while turning on coarsesurfaces(e.g., carpeting,rubble).
While it may seem unreasonableto use eld robots
outside of their speci c domain,it is importantto note
that the Field X robots, which are usedin practice in
applicationsfarthestfrom the original intent, have the
highestavailability (83.6%).Also, mary eld robotsare
expectedto be multipurposeas the demandsof the eld
vary considerably

Design a ws appeato accountior someof the failures.
Someexamplesinclude wheelswarping due to heatand
batteriesshorting due to lack of insulation.It shouldbe
notedthat ve modelsof the total seven consideredby
this study were prototypesundegoing rapid evolution;
thesemodelswereexpectedo have design a ws. Consider
that Model E from Field Y had the highest reliability
with an availability rate of 95.8%,but Model C from the
samemanufcturerhadoneof the lowestavailability rates
with 17.1%.Model E is a larger vehicle basedon mature
technologyand which has beenin productionfor mary
years,while Model C wasa radically new design.

There is also evidence that mary failures stemmed
from a lack of quality control during manugcturing.For
example, robots have arrived with several wires pinched
by the cover plates.However, establishingagndmaintaining
quality control proceduress particularly demandingfor
small batchesof customizedproducts.A small compary
may not have accesdo specialistsin manufcturingand
quality control. This signi es the needfor greaterinvest-
mentin the manufcturingprocess.

The US governmentpays much of the development
costs of the eld robots; it can also provide industry
partnershipsind manufcturingsupport.Anotherway for
companieso gettheneededapitalfor investingin quality
control is to chage the consumersigher, morerealistic,
prices.

C. Improved data collection

Thedataanalyzedn this papemwasa usefulpreliminary
databasehut moredata,andmoretypesof data,is needed.
Automatingboth the usageandthe failure datacollection
would improve the accurag and completenesof the
data.The datawhich is desirableto recordconsistentlyin
the future are: the opemational ervironment the intended
missionor task and the symptomof the failure and the
actual cause This additionalinformationwould help with
boththe analysisof underwhat conditionsrobotsfail and
how they are diagnosed.

VI. CONCLUSIONS

Basedon 673 hoursof actualusageby thirteenrobots
and three manuficturers,it appearsthat mobile robots,
in a given hour, have a 5.5% probability of failure. The
reliability is very low, with anaverageMTBF on the order
of 8 hoursandavailability of lessthan50%. As expected,
eld robots have higher failure rates and overall lower
reliability than indoor robots, possibly becauseof the
demandof the outdoorterrainsandthe relative newness
of the platforms.The effectors,or platformitself, wasthe
sourceof mostfailuresfor eld robotswhereaghebiggest
failure in indoor robots was with the wireless commu-
nication link. Surprisingly the control system,either the
hardware EEPROMSs or the operatingsystemitself, were
responsiblegor 29% of the failures.

The reliability of a robot appeardo be independentf
manufcturer and is most often relatedto the maturity
andapplicationof a speci c model.As would be expected,



new modelsfail morefrequentlythanoldermodels,asthe
designand manufcturingbugs are worked out, although
the frequeny and severity of the aws seemhigh.

The failure data contributions to the FDIR and au-
tonomic computing communities.Manufacturersshould
be alertedto the nature of the failures, particularly in
the design of the platform and the installation of the
control system.Also, manugcturersand usersmay need
to plan aheadfor repairs;either manufcturersneedto
provide more rapid turnaroundsor usershire technicians
to supporton-site repairs.Usersof mobile robotsshould
allow for alessthan50% availability of the robotsin their
developmentschedules.

Currentand future work is concentratingon creating
even more detailedlogs and on-board“black boxes” so
that more quantitatve and descriptve information can be
gathered.
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