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Abstract— Failur e data on mobile robots is critical for
thr ee reasons: to support the theory of autonomous fault
detection, identi�cation, and recovery 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 envir onments. Failur e type and fr equency
data were collected fr om thirteen robots representingthr ee
manufacturers and seven models. The data was analyzed
using standard manufacturing measures for the reliability
of a product. The mean time between failures 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 robots is 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.

I . INTRODUCTION

Mobile robots have been an active topic of research
since1967.[9] They arebecomingincreasinglyimportant
for civilian applicationssuchas urbansearchand rescue
(USAR), and military applicationssuch as military op-
erationsin urbanterrain(MOUT) andthe FutureCombat
System(FCS).Failuredataon mobilerobotsis critical for
at leastthreereasons:to supportthetheoryof autonomous
fault detection,identi�cation, andrecovery (FDIR) neces-
saryfor successful�elding in thesechallengingdomains;
to provide design and manufacturing feedback to the
robotics community; and to permit project managersto
accuratelycreatedevelopmentschedules.

In order to autonomouslydiagnoseand recover from
robot failures,causalmodelssuchas[7] and[18] require
thetypeandfrequency of failures.Thefailuremodeversus
the symptomis also important in designingcooperative
diagnosticsystemssuch as SFX and teleVIA. The fre-
quency of failuresof componentsunderwhat conditions
areimportantinformationfor manufacturers.They canuse
this datato make improvementsto the currentgeneration
of robotsand to be proactive in their designsof the next
generation.Failuredatais neededto allow researchersand
programmanagersto 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 averagesoftwarespecialistwould be able to do so.

Theexperienceat theUniversityof SouthFlorida(USF)
with mobile robots provides a reasonablepreliminary

database.The Centerfor Robot-AssistedSearchandRes-
cue, formerly the PerceptualRobotics Laboratory, has
nineteenmobile robots from � ve manufacturers.These
robotsareeitherresearchrobotsor commercially-available
robots built in limited quantities.Researchat USF tests
softwareunderlaboratoryconditions,and/orhigh �delity
outdoor simulationsof military operationsin urban ter-
rains(MOUT) andurbansearchandrescue(USAR).More
than100hoursof �eld work peryearareconductedby the
lab. Ongoingresearchhasbeenconductedin the areaof
sensorfailure detection,identi�cation, andrecovery since
1993[4], so thereis signi�cant motivation to observe and
analyzefailure data.

This paperexaminesthe userlogs of the most heavily
used robots at USF and collected failure type and fre-
quency datafor eachsubsystemof a mobilerobot:effector
(or platform),control system, power, wirelesscommunica-
tion, andsensing. In addition,the failure datawasfurther
analyzedusing standardmanufacturingmeasuresfor the
reliability of a product.The meantime betweenfailures
representstheaveragetime to thenext failure.Availability
wasusedto catalogthe impactof a failure on a project.

I I . REVIEW OF THE L ITERATURE

Failures are not an uncommontopic in the literature
thoughmost work in robotics focuseson fault detection
and diagnosis. In this area, model-basedmethodsare
predominant.Such methodsuse explicit models of the
normalbehavior of the robot to detectanddiagnosefault
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.
Representative examplesare [2], [3], [4], and [15]. Less
common methods for dealing with failures on robots
areexpert systems[5] andagreement-basedsystems[14]
which useonly agreementbetweenredundantsensorsto
detectfaults.

What is not found in the literature is analyseswhich
explorehow robotsfail andtheunderlyingreasonsbehind
thosefailures.Onereasonfor this may be that the design
of a fault tolerant systemfor mobile robots is focused
on the ability to handle or at least to learn from new,
un-modelledfaults. While this is feature is important,
knowledge of commonfailures, their causes,and repair
strategiescanhelp in the designandoptimizationof such
systems.The designersof systemsfound in [2], [3], [5],
theplannerfor [15], and[18] wouldbefarmoresuccessful



with accurateinformationabouthow 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 frequency
information to optimizethe diagnosisprocess.

A recentworkshopon Robotsin Exhibitionsproduced
two paperswhich provide someinsight on the reliability
of mobile robotsactively 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 72 to 216hours.Tomatis[16] is especially
interesting in that their results are similar. While their
analysisis morenarrow in boththeapplicationsandrobots
analyzed,their MTBF was 7 hours, similar to the 8.3
MTBF found here.Also, they did not break down their
failureanalysisinto thesamesetsof components,but it is
interestingto notethat thecomponentmentionedasbeing
particularly troublesomewas a motor controller which is
consistentwith the �ndings describedin Sec.IV-B.

Anotherinstanceof this typeof analysisin the robotics
literatureis [8], which is a detailedanalysisof the failures
encounteredwith the robotsusedduring the World Trade
Center(WTC) rescueoperation.This paperexpandsthe
knowledgeof how mobilerobotsfail by analyzingthedata
for failureswhich occurredin a variety of environments
and over a long period of time (2 years),as compared
to the two week period during the robot-assistedWTC
response[8].

I I I . METHOD

Userandfailureslogs served 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
werekept includingchangesto therobotsandinformation
aboutongoingrepairs.Starting in February2002 formal
failureanduserlogswerekept.Theuserlogswereentered
by the robot's operatorandthe failure logs wererecorded
by the personwho performedthe repair. Sincethen over
670hoursof usagehave beenlogged,including283hours
of �eld work.

Thefollowing informationwasgatheredfor quantitative
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 componentfailed,
where the failure occurred, and where the repair was
performed. In orderto determinetheexpertiserequiredto
effect a repair, the individuals who performedthe repair
wereseparatedinto two groups:hardwarespecialistsand
operators.A similar taxonomywascreatedfor thelocation
of the failure and the repair; seeSec.III-B.

It should be noted that there is a gap of 5 months
in which no failures were recorded.Much of this time
was spent writing up the results of earlier �eld work,
andparticipatingin the rescueandrecovery efforts at the
World TradeCenter. Themajority of therobotsusedat the
WTC were sentto the manufacturerfor repair, andwere

not returnedfor several months.Thereforethe majority
of robots usedin the lab were not available during that
time period.As mentionedin Sec.II, a detailedanalysis
hasalreadybeendoneon the useof robotsat the WTC
response,using video footage.[8] The failures identi�ed
during the responsearenot includedin this analysis.

A. Robots

Of the nineteenmobile robots at USF, thirteen were
consideredby thisanalysis.Thesethirteenrobotsrepresent
sevendifferentmodelsmadeby threemanufacturers.They
areusedfor fundedresearchasopposedto the remaining
six which arededicatedto educationanddemonstrations.
Robotsmassproducedfor theentertainmentindustry, such
as the Sony Aibo, are not included.Eleven of the robots
serve in �eld domains.Field robotsareexpectedto work
outdoors,thoughgenerallynot in rain or snow. They are
intendedto beableto handlerougherterrains,toleratedirt
anddust,evenmulti-story falls.Thetwo indoorrobotsare
the more traditional researchrobots,with small, narrow
wheelssuitablefor operatingon smooth�at surfaces.

The intention of the paper is to provide a useful
quanti�cation of how robots fail, not to compareand
contrastthe reliability of one manufactureror model to
another. Indeed,theresultsbelow suggestthat �eld robots
have similar reliability scoresregardlessof manufacturer.
To maintain focus on how and how often robots fail
rather than which robots fail, the paperlabels the three
manufacturersby X, Y, andZ, with modelslabeledA.. .G.

Table I includesthe label for the robot's manufacturer
andmodelaswell asthenumberof robotsusedin thelab,
the robot's size, and the generalapplicationfor which it
wasdesigned.Thesizeof a robotsis eitherman-packable
or man-portable.[8] A man-packablerobot canbe safely
carriedby oneperson.A man-portablerobot is larger than
aman-packablerobotbut still canbecarriedin aHUMMV
or personalcarandcanbelifted in andoutby oneor more
people.A RemotecAndrosrobot for Explosive Ordinance
Disposalis an exampleof a mobile robot that is not man-
portable;it requiresa specialtrailer and lifts or rampsto
transportit.

A robot is usually designedfor a speci�c domain.
ModelsA andB weredesignedfor chemicalandnuclear
inspection,though they were usedfor urban searchand
rescue(USAR) and military operationsin urban terrains
(MOUT). ModelsC andD werespeci�cally designedfor
MOUT, while E andF weredesignedfor generaloutdoor
research.Model G was intendedfor indoor research.

Field X A and B model robots are shoebox sized
robots with 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,speaker, a motor-
driven manual-focusCCD camera,anda cameratilt unit
with halogenlighting. ModelB robotsalsohavetheability
to adjust the shapeof the platform's chassisto raise or
lower the cameratilt unit andchangethe track pro�le.



TABLE I

THE ROBOTS USED AND SOME OF THEIR CHARACTERISTICS.
M

od
el

Size M
an

u.

# Purpose
A man-packable Field X 1 inspection
B man-packable Field X 3 inspection
C man-packable Field Y 3 MOUT
D man-packable Field Y 2 MOUT
E man-portable Field Y 1 outdoorresearch
F man-portable Field Y 1 outdoorresearch
G man-portable Indoor Z 2 indoor research

Fig. 1. A Field X man-packableinspectionrobot.

Field Y C wasa precursorof theD modelrobots.Both
are about the size of a large backpackwith a footprint
of 61 by 51 cm, seeFig. 2. They are tracked vehicles
with mobile PentiumII or III classprocessorsonboard.
Both the C and D models carry multiple camerasand
lighting. The Model C robots also have a set of 13
sonarrangesensors.Theserobotscanalsobe modi�ed to
carry two-way audio,thermalimaging,low-light cameras,
GPS, attitude sensor, compass,chemical detectors,and
manipulators.Both weredevelopedfor MOUT operations
though only the Model D has featureswhich make it
durable enough for 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 PentiumII or III classprocessors.Both the E and
F modelscarrymultiple cameras.Theserobotscanalsobe
modi�ed to carry two-way audio, thermal imaging, low-
light cameras,GPS,attitude,compass,chemicalsensors,
andmanipulators.TheE modelrobotsaresmallenoughto
be usedfor both indoor or outdoorresearchprojects.The
larger, Model F, robots are less maneuverable,but have
a much longer batterylife and the capability of carrying
smallerrobotslike the Model C or D's.

G model robots, shown in Fig. 3, are cylindrical in
shape,with a 53 cm diameter. Both are wheeledrobots
with synchronous,non-holonomicdrive systems.These
robots have two onboardcomputerswith Pentium-class
processors.Their sensorsuite may include tactile, ultra-
sonic,andbasicvision systems.

Another important factor to considerwhen comparing
robot models is 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 robot interactingwith a larger �eld robot (bottom),all from
manufacturerField Y.

Fig. 3. Two modelsof Indoor Z's researchrobots.

similar platformswentinto thedesignof theserobots.The
G model was developedin 1996. Both E and F models
have beenin productionfor about� ve years.TheC model
robots were �rst developed in 1999 and went through
severalmajormodi�cationsduringthenext two years.The
D model is 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. Bothcompletebreakdownsand
noticeabledegradationsare includedin this analysis.

An example of a failure that was encounteredwas
a problem with the wheels on the Model C robots. In
two cases,the wheelswarpeddue to exposureto heatin



�eld exercises,immobilizing the robot. An example of
a commonfailure for Field X robots is a failure of the
control systemwherethe robot becomesunresponsive, 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-operatethe robot.
A good exampleof a degradationwas encounteredwith
a Model G robot. In this case,a faulty cameracable
causedsignallossfrom a cameraon therobot.Therestof
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 singlecamera.

Eachfailed componentwas separatedinto one of � ve
categories, these being control system,effector, power,
sensing, andwirelesscommunications. Thecontrolsystem
category includesthe onboardcomputerand software or
the control unit. Effectorsare any devices that performs
actuationsuch as the motor, appendages,treads/wheels,
and any connectionsrelated to those components.The
power category includesany componentthat affects the
powersystemof therobot.Examplesof thesewouldbethe
batteries,chargers,and variousconnectionsallowing the
robot to be powered.The sensingcategory includesany
sensorsand the connectionsor software that may affect
their functioning. Finally, the wireless communications
category covers the wirelessequipmentusedby Field Y
andIndoor Z.

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

The type of failure is similarly divided into a binary
category of �eld-r epaired 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 not thesameas�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 manufacturerfor repair.

C. Calculations

All the formulasusedfor reliability analysisof thedata
were taken from the IEEE standardspresentedin [13].
Themeantime betweenfailuresor MTBF is calculatedby
equation(1). This metricprovidesa roughestimateof how
long one can expect to usea robot without encountering
failures.Anothermetricusedin this analysisis the failure
rate, which is simply the inverseof MTBF. Availability
is calculatedusing (3), wherethe MeanTime To Repair,
MTTRis de�ned as in (2).

M TB F =
Numberof HoursRobotWas in Use

Numberof Failures
(1)

TABLE II

OVERALL FREQUENCY AND MTBF BROKEN DOWN BY

MANUFACTURER.

Numberof Failures Fa
ilu

re
s/

hr

M
T

B
F

(h
rs

)

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

M TTR =
Numberof HoursSpentRepairing

Numberof Repairs
(2)

Avail abil ity =
MTBF

MTBF + MTTR
� 100% (3)

It may be recalledthat the usagelogs do not cover the
entire time-frame in which the failures occurred.In an
attemptto remedythis discrepancy, logs were addedfor
every failure which did not alreadyhave a corresponding
entry in the usagelogs. The estimatedusagehours for
the added logs was determinedby taking the average
durationof similar, known entries.Similar usageentries
correspondto loggedfailuresfor robotsof the sametype.
If no suchrecordsexist, all the entriesfor that robot type
wereconsidered.

Any other valuesincludedin this analysiswere calcu-
latedusing the implied formula. For example,the proba-
bility that a failure wascausedby a componenttype c is
simply (4).

P(cjf ail ur e) =
Numberof FailuresCausedby c

Total Numberof Failures
(4)

IV. RESULTS

This section examines the frequency of failures, the
probability that a failure was causedby a particulartype
of component,and the impact of failures in terms of
availability anddowntime.

A. How oftendo robotsfail?

Table II shows how frequently failuresoccur with the
robots in Table I. It shows the total numberof failures
recordeddivided into in-lab and in-�eld as de�ned in
Sec.III-B. It alsoshows the overall frequency of failures,
in failuresper hour, and the meantime betweenfailures
(MTBF), in hours.The failuresaregroupedby manufac-
turer, with overall statisticsprovided at the bottom. One
of the Field Y failuresactually occurredwhile the robot
was with the manufacturer. This location could not be
categorized as either in-lab or in-�eld, leaving the total
numberof failuresat96,asopposedto 97.This failurewas
includedin the overall frequency andMTBF calculations
for that manufacturer.

This table provides a high level prospective on how
often robotsfail andunderwhat conditions.It alsoraises



someadditionalquestions.The answerto thosequestions
lays in the more subtle factorshidden in the underlying
dataand in the characteristicsof the robotsthemselves.

Oddly, theField Y robotshave hadmorefailuresin the
lab then in the �eld. This is apparentlybecausethey are
usedmore in the lab, only 30% of the loggedusagetime
is in the �eld. This statistic is largely in�uenced by the
Model C's which rarely leave the lab becausethey suffer
from severefailureswhich make themimpracticalfor use
in the �eld. Examplesof the failuresseen,while therobot
is still in the lab, includethebatteryshorting,themercury
switchshorting,andfailureof thepowerhubwhich leaves
the robot immobilized.

Field X robotshave hadmorefailuresin the �eld then
the Field Y, doesthat meanthe Field X robotsare less
reliable in the �eld? Field X robotstendto be usedmore
often in the �eld, 94% of the loggedusagetime is in the
�eld. The reasonfor this is that the failurestheserobots
suffer from are lesssevereandeasyto repair in the �eld.
The two mostcommonfailuresarethe trackscomingoff
and the control systemfreezing.Both take lessthen � ve
minutesto �x and do not requirea hardwarespecialist's
expertise.Basedon theseconsiderations,Field X robots
have hadfar moreopportunitiesto fail while in the �eld,
both becausethey are usedmore often and becausethe
failuresareshort-lived.This is the most likely reasonfor
Field X robotsto have morefailuresin the�eld thenField
Y' s. The fact that their MTBF rates are similar would
suggestthat they areequally reliable.

Why do the Field Y and the Field X robotsfail more
thanthe IndoorZ researchrobots?ThefailurestheModel
G's have experiencedover the pastcoupleof yearshave
either been failures of supporting equipment, like the
robot's charger, power supply, or wirelessEthernetbase
units. The fact that they are only operatedin the indoor
environments for which they are designed is a large
contributing factor. It is also important to keep in mind
that most of the �eld robotshave innovative capabilities
like self-righting and shape-shifting.The frequency of
failuresfor thesenew models,especiallyas comparedto
theresearchrobots,would suggestthatmoredevelopment
andtestingis neededbeforetheserobotscanbe trustedto
operatein their target environments.

B. Which componentsfail?

TableIII wasgeneratedusingthecomponentcategories
de�ned in Sec.III-B. As in the previous tablethe failures
aregroupedby manufacturerwith theoverall probabilities
for eachcategory shown at the bottom of the table. The
wirelesscommunicationscategory doesnot apply to 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
ontheModelB'sor ModelD's.Otherexamplesof effector
failureswould be the wheelswarping on the Model C's,
Model B's pinion gearbecomingstripped,andthe failure
of a motor-ampon theModel E. Thetypeof driveappears

TABLE III

PROBABIL ITY THAT A FAILURE WAS CAUSED BY A COMPONENT TYPE

BROKEN DOWN BY MANUFACTURER.

Manufacturer E
ffe

ct
or

C
on

tr
ol

S
ys

te
m

P
ow

er

C
om

m
s

S
en

si
ng

Field X 0.49 0.35 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 0.29 0.13 0.12 0.10

to have the largesteffect on the numberof failuresin this
category. Effectorfailuresarethemostcommonfor 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
unresponsive and the solution was to cycle the power;
the sourceof these problemsremainsunknown. 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 responseto left turn commands.Again thereis
a cleardifferencebetweenthe �eld robots' andtheModel
G's controlsystems.Again this is probablydueto thefact
that the �eld robotsareoperatedin far morechallenging,
unstructuredenvironments.

As might be expected,abouthalf of the power failures
on the robotsare due to the batteryor its connectionsto
therobot.Otherexamplesof thesetypesof failuresinclude
a power switchon a Model C which did not make contact
and a wire contactbroken inside a Model G's charger.
The fact that Field X robots' batteriesare carriedby the
operatorinsteadof the robot (they are connectedto the
robot through the control unit and tether) might explain
why there are so few power failures for theserobotsas
comparedto the others.

The wirelesscommunicationscategory is a tight group
including mainly problemswith Field Y' s or Indoor Z's
wireless equipment.The predominantfailure is unex-
plainedcommunicationloss.All of thesefailuresoccurred
within the lab. The fact that the Model G's experience
more of thesefailures then the other robots is probably
due to the fact that it usesRadio-Ethernet,which was a
precursorto all the modernwirelessstandards.

According to the data, the least common source of
failure for theserobots is sensing.The sourceof half of
thesefailureswasbrokenconnectionsbetweenthesensors
andthecontrolsystem.Themostcommonfailedsensoris
thecamera.Otherexamplesof this typeof failureincludea
faulty sonarcableanda damagedcompass,both foundon
Model C's.Thesefailuresappearto besimilar andequally
uncommonamongthe robotsusedin the lab. This is due
in part to the fact that the manufacturerspurchasemass
producedsensorsto install on the robots.Conversely, the



TABLE IV

COMPARISON OF THE PERFORMANCE OF RESEARCH VERSUS FIELD

ROBOTS. ONLY FAILURES IN THE TARGET ENVIRONMENT ARE

INCLUDED.

Manufacturer Type #
of

Fa
ilu

re
s

%
of

U
sa

ge

Fa
ilu

re
s/

hr

M
T

B
F

(h
rs

)

Field X Field 34 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 research versus�eld robots

In order to compareresearchand �eld robots it is
important to consider only failures which occurred in
the environmentfor which eachrobot wasdesigned.The
statisticsin Table IV are calculatedusing only failures
which occurred in the robot's target environment. For
researchrobots that is only in-lab failures,and for �eld
robotsonly failureswhich occurredoutsideof the lab, are
included.For reference,the numberof in-lab or in-�eld
failuresis copiedfrom TableII. Thepercentageof usagein
the target environmentover all the recordedusageis also
included.The performancein termsof failure metrics is
capturedin theoverall frequency of failuresandthemean
time betweenfailures(MTBF).

The statisticspresentedin this table indicate that the
researchrobotsfail lessoften in their targetenvironments
than �eld robots. The MTBF for the researchrobots is
more than three times the MTBF for both Field X and
Field Y' s �eld robots.The numberof failuresprovidesa
lessclearpicture.FieldY' smodelshavefailedfewer times
in their target environment then Indoor Z's. It would be
misguidedto considerthisapoint in the�eld robots' favor,
consideringthat theserobots fail more in the lab (72%
of failuresare in lab) than in the �eld. The failuresand
usagedatarecordedto dateleadto theconclusionthat the
researchrobotsare more reliable in their target environ-
mentthenthe�eld robots.As mentionedin Sec.IV-A, this
appearsto be due to the innovative capabilitiesof these
robots,and the inherentdif�culty in constructinga robot
which canoperatein unstructured,outdoorenvironments.
Again the datawould suggestthat moredevelopmentand
testing is neededfor theserobots to attain the level of
reliability seenwith Indoor Z's researchrobots.

D. Impactof failures

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

TABLE V

AVERAGE DOWN TIME AND AVAILABIL ITY.

M
an

u.

A
va

ila
bi

lit
y

AverageDowntime (hrs)
Overall Field Re-

paired
Not Field
Repaired

Field X 83.6% 195 0.13 703.3
Field Y 23.9% 353 2.66 411.3
Indoor Z 93.9% 60.5 0 60.5
Overall 46.6% 243 0.6 367.9

robot wasnot usedas the resultof a failure. The failures
areagaingroupedby manufacturerand thensummarized
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 calculatedusing the averagerepair
time (2). Otherfactorswhich affect theaveragedowntime,
like low priority repairs waiting while other tasks are
completedby the hardwarespecialists,canmake it much
larger thentheaveragerepairtime. 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
alsohelpsthat 70% of the failuresrecordedfor the Field
X' s wererepairedin the�eld, andthesefailureshave both
low repairanddowntimes.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 manufacturer. The repair time for thesefailuresis
customarily longer which results in 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
calculatedfor averagerepairtime.In thiscase,two failures
were left un�x ed for over a week while the hardware
specialistswereon vacation,whereastherepairsfor these
failuresonly took a few hourseach.

V. DISCUSSION

This sectionoffers somesupportfor the validity of the
statisticspresentedin Sec.IV aswell asadiscussionof the
implicationsof theseresults.Finally, someimprovements
for future datacollectionarepresented.

A. Validity of the data

It mayseemcounter-intuitive,with anoverallmeantime
betweenfailuresof lessthan9 hours,thatonly 97 failures
were recordedover a period of two years.Keepin mind
that MTBF is often usedfor systemslike power plants,
and �leservers which are in constantuse.This is not the
casewith mobile robots.TableVI considersonly the time
period for the user log, broken down by month, during
which 673 hours (28 days) worth of usageis logged.
The `Field Usage' and `Total Usage' columnsshow the



TABLE VI

USAGE AND FAILURES BY 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

percentageof time that the robotswere usedin the �eld
andoverall, respectively. The last columnshows the total
number of failures recorded.The last row provides a
summaryof thesameinformationover theentire5 month
period.This shows that therobotswereonly actively used
about17% of the time.

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 associatedwith thesefailures
is estimated.This discrepancy is offset, however, by the
fact that commonfailures tend 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 past two years has occurred in
the �eld. In this casethe �eld consistsof a variety of
environments,from demosfor kids in carpetedclassrooms,
to naval researchvessels,to urban searchand rescue
testbeds.The vast majority of �eld environments the
robotshave encounteredwere not scienti�cally managed
for their safety, but qualify as real world experiments
which test the limits of their capabilities.

B. Implications

The results indicate that �eld robots fail more often
and are available lessthan researchrobots.One possible
explanationis that the designand speci�cation of robots
for demanding�eld conditionsis eithertoo narrow or in-
complete.The typesof failuresalso imply manufacturing
de�cits, particularlywith quality control.

Field robotsareoftenusedfor domainsoutsideof their
original scope.For example,Field X robotsaredesigned
for inspectionof 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
outsideof their speci�c domain, it is important to note
that the Field X robots, which are used in practice in
applicationsfarthest from the original intent, have the
highestavailability (83.6%).Also, many �eld robotsare
expectedto be multipurposeas the demandsof the �eld
vary considerably.

Design�a ws appearto accountfor someof thefailures.
Someexamplesinclude wheelswarping due to heatand
batteriesshortingdue to lack of insulation.It shouldbe
noted that � ve modelsof the total seven consideredby
this study were prototypesundergoing rapid evolution;
thesemodelswereexpectedto havedesign�a ws.Consider
that Model E from Field Y had the highest reliability
with an availability rateof 95.8%,but Model C from the
samemanufacturerhadoneof the lowestavailability rates
with 17.1%.Model E is a larger vehiclebasedon mature
technologyand which has beenin productionfor many
years,while Model C wasa radically new design.

There is also evidence that many failures stemmed
from a lack of quality control during manufacturing.For
example,robotshave arrived with several wires pinched
by thecoverplates.However, establishingandmaintaining
quality control proceduresis particularly demandingfor
small batchesof customizedproducts.A small company
may not have accessto specialistsin manufacturingand
quality control. This signi�es the needfor greaterinvest-
ment in the manufacturingprocess.

The US governmentpays much of the development
costs of the �eld robots; it can also provide industry
partnershipsandmanufacturingsupport.Anotherway for
companiesto gettheneededcapitalfor investingin quality
control is to charge the consumershigher, more realistic,
prices.

C. Improveddata collection

Thedataanalyzedin thispaperwasausefulpreliminary
database,but moredata,andmoretypesof data,is needed.
Automatingboth the usageandthe failure datacollection
would improve the accuracy and completenessof the
data.The datawhich is desirableto recordconsistentlyin
the future are: the operational environment, the intended
missionor task, and the symptomof the failure and the
actualcause. This additionalinformationwould helpwith
both the analysisof underwhat conditionsrobotsfail and
how they arediagnosed.

VI . CONCLUSIONS

Basedon 673 hoursof actualusageby thirteenrobots
and three manufacturers,it appearsthat mobile robots,
in a given hour, have a 5.5% probability of failure. The
reliability is very low, with anaverageMTBF on theorder
of 8 hoursandavailability of lessthan50%.As expected,
�eld robots have higher failure rates and overall lower
reliability than indoor robots, possibly becauseof the
demandsof the outdoorterrainsand the relative newness
of theplatforms.The effectors,or platform itself, wasthe
sourceof mostfailuresfor �eld robotswhereasthebiggest
failure in indoor robots was with the wireless commu-
nication link. Surprisingly, the control system,either the
hardwareEEPROMs or the operatingsystemitself, were
responsiblefor 29% of the failures.

The reliability of a robot appearsto be independentof
manufacturer, and is most often related to the maturity
andapplicationof aspeci�c model.As wouldbeexpected,



new modelsfail morefrequentlythanoldermodels,asthe
designandmanufacturingbugsare worked out, although
the frequency andseverity of the �a ws seemhigh.

The failure data contributions to the FDIR and au-
tonomic computing communities.Manufacturersshould
be alerted to the nature of the failures, particularly in
the design of the platform and the installation of the
control system.Also, manufacturersand usersmay need
to plan aheadfor repairs; either manufacturersneed to
provide more rapid turnaroundsor usershire technicians
to supporton-siterepairs.Usersof mobile robotsshould
allow for a lessthan50%availability of therobotsin their
developmentschedules.

Current and future work is concentratingon creating
even more detailedlogs and on-board“black boxes” so
that morequantitative anddescriptive informationcanbe
gathered.
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