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Abstract— Wedescribean algorithm for robot navigation using
a sensor network embedded in the envir onment. Sensor nodes
act as signpostsfor the robot to follow, thus obviating the need
for a map or localization on the part of the robot. Navigation
dir ections are computed within the network (not on the robot)
using value iteration. Using small low-power radios, the robot
communicates with nodes in the network locally, and makes
navigation decisionsbasedon which nodeit is near. An algorithm
basedon processingof radio signal strength data was developed
so the robot could successfullydecidewhich node neighborhood
it belongedto. Extensive experimentswith a robot and a sensor
network con�rm the validity of the approach.

I . INTRODUCTION

Navigation is a fundamentalproblem in mobile robotics.
The local navigation problem dealswith navigation on the
scaleof a few meters,where the main problem is obstacle
avoidance.A well-known solutionto this problemis presented
in [1], [2], where an occupancy grid map of the immediate
surroundingsof the robot is createdand used to determine
the navigation direction such that the robot is safely guided
towardsagoal.Sincethemapis local,andresemblesa 'sliding
window', mappingof the whole environmentdoesnot occur.

The global navigation problemdealswith navigation on a
larger scalein which the robot cannotobserve the goal state
from its initial position. A number of solutions have been
proposedin the literature to addressthis problem.Most rely
eitheron navigatingusinga pre-speci�edmapor constructing
a mapon the�y . Most approachesalsorely on sometechnique
of localization.Somework on robot navigation is landmark-
basedrelying on topologicalmaps[3], which have a compact
representationof the environment and do not depend on
geometricaccuracy. The downsideof suchapproachesis that
they suffer from sensorsbeingnoisyandtheproblemof sensor
antialiasing (i.e. distinguishingbetweensimilar landmarks).
Metric approachesto localization basedon Kalman �lter -
ing [4] provide precision,however the representationitself
is unimodal and hencecannotrecover from a lost situation
(misidenti�ed featuresor states).Approachesdeveloped in
recentyearsbasedon 'Markov localization' [5] provide both
accuracy and multimodality to representprobabilistic distri-
butions of different kinds, but require signi�cant processing
power for updateandhenceareimpracticalfor large environ-
ments.Oneof the attemptsto solve this problemis presented

in [6] wherea sampling-basedtechniqueis used.Ratherthan
storing and updating a complex probability distribution, a
numberof samplesare drawn from it. The other approaches
utilize partiallyobservableMarkov decisionprocess(POMDP)
models to approximatedistanceinformation given a topo-
logical map,sensorand actuatorcharacteristics[7]. POMDP
models for robotic navigation provide reliable performance,
but fail in certainenvironments(e.gsymmetric)or suffer from
large statespaces(i.e. stateexplosion).

Theseapproacheshave differentadvantages,but alsodisad-
vantagesor fail cases.Note that all of the above approaches
assumethat a map of the environment (topological and/or
metric) is given a priori. None of the above approaches
deal with highly dynamic environmentsin which topology
might change.Our approach,presentedhere,instrumentsthe
environmentwith a sensornetwork.

An ant-like trail laying algorithmis presentedin [8], where
'virtual' trails are formed by a group of robots. Navigation
is accomplishedthroughtrail following. The shortcomingof
thealgorithmis that it is dependenton perfectcommunication
betweenthe membersof the group. In addition, the 'virtual'
trails are sharedbetweenthe robots,which meansredundant
sharingof the statespacein the group.Moreover, a common
localizationspaceis assumed.

We arebroadlyinterestedin themutually bene�cial collab-
oration betweenmobile robots and a static sensornetwork.
The underlyingprinciple in interactionbetweenthe network
and robots is: the network serves as the communication,
sensingandcomputationmediumfor the robots,whereasthe
robotsprovideactuation,which is usedamongotherthingsfor
network managementand updatingthe network state.In this
work we describeresultsfrom sucha systemwhich accurately
and reliably (100% correctnavigation out of 50 experiments
totaling over 1km in distance)solves the problem of robot
navigation. Somepropertiesof the approachare summarized
below:

1) Thesensornetwork is predeployedinto theenvironment
using the algorithmgiven in [9].

2) In addition to deploying the network nodes, the de-
ployment algorithm also computesthe distributions of
transitionprobabilitiesP(s0js; a) from network nodes
to s0, when the robot executesactiona [10].



3) The nodesof the sensornetwork are synchronizedin
time (high precisionis not required).For an exampleof
a time synchronizationalgorithmsee[11].

4) Therobotdoesnot have a pre-decidedenvironmentmap
or accessto GPS,IMU or a compass.

5) The environmentis not requiredto be static.
6) The robot doesnot performlocalizationor mapping.
7) The robot does not have to be sophisticated- the

primary computationis performeddistributively in the
sensornetwork, the only sensorrequiredis for obstacle
avoidance.

The environment used in the experiments is a regular
cubicle-like space,with changingtopology, narrow corridors
(just over 1m) andfull of obstacles(people,packagingboxes,
trashcans,etc).Notealsothatusuallycubiclesor otherplaces
of interest in such environmentsare marked (with laser bar
codes,numbercodes,etc). Hence,existing markers can be
complimentedwith sensornetwork nodesthat areusedin our
algorithm.

I I . PROBABIL ISTIC NAVIGATION

In order for the robot to be able to navigate through the
environmentfrom point A to point B , assumingneithera map
nor GPSareavailable,the robot shouldbe able to choosean
actionthat maximizesits chancesof gettingto its goal, to be
ableto measureprogressandrecognizethatit hasarrivedat the
goal(B ). Ourapproachreliesonapredeployedsensornetwork
with determinedtransitionprobabilities(seebelow) [10] and
consistsof two stages.

A. Stage I - Planning

When the navigation goal is speci�ed (either the robot
requeststo be guided to a certain place, or a sensornode
requires the robot's assistance),the node that is closest to
the goal triggers the navigation �eld computation.During
this computationevery nodeprobabilistically determinesthe
optimal direction in which the robot should move, when in
its vicinity. The computedoptimal directions of all nodes
in conjunctioncomposethe navigation�eld . The Navigation
Field provides the robot with the 'best possible' direction
that has to be taken in order to reachthe goal. Note that a
'kidnapped' robot problemis solved by our systemimplicitly
anddoesnot requirere-computation(or re-planning).

It maybenotedthata parallelapproachfor theconstruction
of a navigation �eld hasbeenproposedin the sensornetwork
literature [12]. Insteadof value iteration [12] usespotential
�elds and the hop count to computethe magnitudeof the
directionalvectors.

1) Theoretical Framework - Value Iteration: Considerthe
deployed sensornetwork as a graph,wherethe sensornodes
arevertices.Assumea �nite setof verticesS in the deployed
network graph and a �nite set of actions A the robot can
take at eachnode.Given a subsetof actionsA(s) � A, for
every two verticess; s0 2 S in the deployed network graph,
and action a 2 A(s) the transition probabilities P(s0js; a)
(probabilityof arriving at vertex s0 giventhat the robotstarted
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Fig. 1. An exampleof a discreteprobability distribution of vertex (sensor
node)k for direction (action) ”East”(i.e. right).

at vertex s and commandedan action a) for all verticesare
determined[10]. Figure1 shows a typical discreteprobability
distribution for a vertex (sensornode)per action (direction).
Notethat in practicetheprobabilitymassis distributedaround
neighboringnodesandzerootherwise.

Our model for the proposedsystemis Markovian - the
statethe robot transitionsto dependsonly on the currentstate
and action. We model the navigation problem as a Markov
DecisionProcess[13]. To computethe bestactionat a given
vertex we usethe ValueIteration[14] algorithmon the setof
verticesS � sg, wheresg is the goal state.The generalidea
behindValueIterationis to computetheutilities for everystate
and then pick the actionsthat yield a path towards the goal
with maximum expectedutility. The utility is incrementally
computed:

Ut +1 (s) = C(s;a) + max
a2 A (s)

X

s02 S� s

P(s0js; a) � Ut (s0) (1)

where C(s;a) is the cost associatedwith moving to the
next vertex. Usuallythecostis chosento bea negativenumber
which is smallerthan� 1=k wherek is thenumberof vertices.
Therationaleis thattherobotshould'pay' for takinganaction
(otherwiseany paththat the robot might take would have the
sameutility), however, thecostshouldnot beto big (otherwise
the robot might prefer to stay at the samestate).Initially the
utility of the goal stateis set to 1 and of the other statesto
0. Given the utilities, an action policy is computedfor every
states as follows:

� (s) = arg max
a2 A (s)

X

s02 S� s

P(s0js; a) � U(s0) (2)

The robot maintainsa probabilistictransitionmodelfor the
deployednetwork graph,andcancomputetheactionpolicy at
eachnodefor any destinationpoint. In practice,however, this
is limiting, sinceit requiresthe robot to traversethe network
many timesover to learnthetransitionmodel.Further, another



robot deployed into the sameenvironmentwould needto �rst
traversethe deployed network beforeit cannavigatebetween
any two pointsoptimally.

One solution is for the robot to computethe action policy
asabove, andwhile traversingthenetwork recordtheoptimal
actionfor thecurrentnodeasit passesby. Eachnodecanstore
this actionandcanemit it aspartof themessagedirectedto a
robot. This would help other robots(which may not yet have
exploredthe entirespace)usethe informationfor navigation.
However, this solution is inef�cient, sinceit is slow to adapt
if the navigation goal is changed.

2) Distributed Computationand In-network Processing:
A much more attractive solution is to compute the action
policy distributively in the deployed network. The ideais that
every node in the network updatesits utility and computes
the optimal navigation action (for a robot in its vicinity) on
its own. When the navigation goal is determined(either a
robot requestedto be guided to a certain node, or a node
requiresrobot's assistance),the node that is closest to the
goaltriggersthecomputationby injectinga StartComputation
packet into thenetwork containingits id. Every noderedirects
this packet to its neighborsusing�ooding. Nodesthat receive
the Start Computationpacket initialize utilities and the cost
valuesdependingon whetherthe particularnodeis speci�ed
as a goal or not. Every node updatesthe utilities according
to equation1. Note that the utilities of neighboringnodes
are neededas well, hence,the nodequeriesits neighborsfor
correspondingutilities. Sincecomputationof somenodescan
proceedfasterthanothers,everynodestorescomputedutilities
in a list, so that even if it is queriedby its neighborsfor a
utility severalstepsprior to thecurrentone,thelist is accessed
andthe correspondingutility is sent.

After the utilities are computed,every node computesan
optimal policy for itself accordingto equation2. Neighboring
nodesare queriedonceagainfor the �nal utility values.The
computedoptimalactionis storedat eachnodeandis emitted
aspart of a suggestionpacket that the robot would receive if
in the vicinity of the node.

This techniqueallows the robot to navigate through the
environmentbetweenany two nodesof thedeployednetwork.
Note that the action policy computationis done only once
anddoesnot needto be recomputedunlessthe goal changes.
Also, notethat theutility updateequationshave to beexecuted
until the desiredaccuracy is achieved. For practical reasons
theaccuracy in our algorithmis setto 10� 3, which requiresa
reasonablenumberof executionsof theutility updateequation
per stateand thus, the list of utilities that every nodeneeds
to storeis small.Sincethe computationandmemoryrequire-
mentsare small it is possibleto implementthis approachon
the real nodedevice that we areusing(the Mote [15]).

Note that if neighborsof all nodesare known exactly (for
every direction each node has at most one neighbor), then
P(s0js; a) = 1. Hence, equations1 and 2 reduce to the
maximizationof utilities of neighboringnodesonly. In this
casethe systemconvergesafter a single iteration.
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Fig. 2. Navigation - node-wiseapproach

B. Stage II - Navigation

Note that the deployed sensornetwork discretizesthe envi-
ronment.ConsiderFigure2. On theway from startingnode1
to goal node5, the robot would �rst navigatefrom node1 to
2, thenfrom 2 to 3, andsoon. Hence,thenavigation is node-
wise.A nodewhosedirectionalsuggestiontherobotfollowsat
themomentis calledcurrentnode. Initially thecurrentnodeis
setto thenodeclosestto therobot.Thebottompartof Figure2
shows thethreephasesof navigation.Supposeinitially current
node is set to node 1 (robot's position at the bottom right
corneron theFigure2). Node1 suggeststherobot to go 'UP'.
In the�rst phasetherobotacceptsthis commandandpositions
itself in the correct direction. During the secondphase,the
robot moves'forw ard' using the VFH [2] algorithmfor local
navigation and obstacleavoidance.Note that throughoutthe
secondphasethe current node is set to node 1. Phase3 is
triggeredwhen the robot determinesthat it has enteredthe
neighborhoodof the next node - say, node 2 (an oval M 2

on Figure 2). During phase3 the current nodeswitchesand
the navigation algorithm startsfrom phase1 again,but with
the current node set to 2. But how to determinewhen the
robot is in theneighborhoodof somenode?A straightforward
approachis to usesignal strengththresholding.In this case,
prior to the experiment an observation model can be built
which given a signal strengthvalue would approximatethe
distancefrom the node.Hence,ideally, while in phase2, the
robot would simply collect signal strengthvalues from the
packetsof all nodesin the vicinity, feedthe modelwith these
valuesand thresholdan outputpicking the shortestdistance.

The problem with such an approachis that raw signal
strength values are neither constantnor even proportional
from radio to radio, from one environmental topology to
another, etc.Experimentalresultsshow that suchan approach
is not reliable or accurate.To reliably predict which node
neighborhoodthe robot is in, we developed an algorithm1

called Adaptive Delta Percent,basedon processingsignal
strengthvaluesin the following manner.

1A moregeneralversionof the algorithmis submittedfor patentingwhich
is basedon the idea that any kind of statistical approachcan be used to
comparethe ratesof changein signalstrength
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Fig. 3. Illustration of Delta PercentAlgorithm. Arc R representsan ideal
signal strengthspacethat the robot receives starting from node t, going
towardsnodex. Note that metric data is not involved in the ®gure and the
desired'switching' placeis aroundareasM 1 or M 2

Considerthat the robot's currentnodeis nodet. The node
suggeststo the robot to travel in a certaindirection.Assume
that beforereachingthe next nodethe robot would receive n
samplesof radio signal strengthfrom eachof the k nodesto
which the robot might switch to (i.e. candidatenodes). Then
for eachof the k nodes:

1) Computean initial maximumaverage A im - an average
of the �rst i sampleswherei << n.

2) Computea running average A r which is an averageof
j consecutive sampleswherej << i .

3) If R = A r
A im

< M , whereM is the thresholdvalue,then
return from the algorithm.Put R into list L R .

4) If y consecutive elementsof L R are in nondecreasing
order, then return from the algorithm, else repeat 2
through4.

In caseseveral nodesreturned from the algorithm, pick
the node with the smallest ratio and switch to it. In our
experimentalsetup n � 15, i � 5, j � 10 and y � 3.
Experimentallywe determinedthresholdM = 0:65. Consider
Figure3. An arc R representsideal signalstrengthspacethat
therobotwould bemoving in on its way from nodek to some
�nal nodex. Notethatin reality thesignalstrengthspaceis not
uniform. Thedesired'switching' placein theneighborhoodof
x is aroundareasM 1 or M 2. Steps1-3 of thealgorithmtry to
estimateif the robot is in areaM 1. Step4, on the otherhand
is checkingif the robot has passedareaM 1 and now is in
areaM 2. This scenariocanhappenif thresholdM is dif�cult
or incorrectlydeterminedor parametersi and j were chosen
inappropriately.

I I I . EXPERIMENTS AND DISCUSSION

We conductedexperimentsat Intel Researchfacilities in
Hillsboro, Oregon. We used a Pioneer 2DX mobile robot,
with 180o laserrange�nder usedfor obstacleavoidance,and
a basestation (Mica 2 mote) for communicatingwith the
sensornetwork. Mica 2 motes were used as nodesof the

Fig. 4. Map of the experimental environment. Nodes were manually
predeployed (nodesmarked 1 - 9)

Fig. 5. Mobile robot anda Mote in experimentalsetting.

sensornetwork. The sensornetwork of 9 nodeswas prede-
ployed into the environment.Every node is preprogrammed
with information about its neighbors.We assumethat the
sensornetwork is deployed and transitionprobabilitiessetas
describedin [10]. The map of the experimentalenvironment
and deployed sensornetwork of 9 sensornodesis shown in
Figure4. The environmentitself resemblesa regular cubicle-
of�ce-lik e environment with narrow corridors (about 1 m),
changingtopology, crowded with peopleand obstacles.Fig-
ure 5 shows the mobile robot andoneof the deployed nodes
in the experimentalenvironment.The experimentalscenario
that we considerfor navigation is alarm handling. An Alarm



(a) Goal 3 (b) Goal 5 (c) Goal 6

(d) Goal 8 (e) Goal 9

Fig. 6. Trajectoriesof robot navigating to ®ve different goals.The start location in eachcaseis nearnode1.

occurswhen a certain nodedetectsan event. The algorithm
proceedsas discussedin previous sections.The task of the
robot is to navigate from the 'home base' (aroundnode 1)
towardsthe triggeredalarm.Therequirementsthatwe impose
for theexperimentto besuccessfularethatthenavigation�eld
should yield shortestpathsfrom any point towards the goal
node,the robot shouldfollow the shortestpath,andthe robot
shouldstopwithin 3 metersof the goal node.

Sincethe robot doesnot have an IMU or a compass(in the
experimentalenvironmentthesedevicesprovedto beuseless),
the directionin which the robot is initially facingis explicitly
set.During the experimentsthe robot maintainsthe notion of
virtual direction,that is, given initially setdirectionthe robot
switchesvirtual directiononly whennodestell robot to switch
direction.We conducted10 experimentsfor � ve differentgoal
nodes(we set off an alarm at � ve different nodes)- 3, 5,
6, 8 and 9 (50 experimentsaltogether).Table I shows the
�nal distancesfrom therobot to thegoalnodesafter the robot
hassignaledthat it had completednavigation. The length of
navigation paths that the robot traveled combinedis over 1
km. The robot was able to navigate to the correctgoal node

TABLE I

EXPERIMENTAL DATA (DISTANCE TO GOAL AT FINISH, IN METERS). FIVE

GOALS, TEN EXPERIMENTS PER GOAL .

Trial Goal 3 Goal 5 Goal 6 Goal 8 Goal 9
1 0.7 1.4 0.78 2.9 0.96
2 0.82 1.26 0.86 1.6 0.96
3 0.94 1.45 0.72 1.62 1.35
4 0.91 1.41 0.91 2.4 1.26
5 0.85 1.4 0.87 1.4 1.21
6 0.97 1.39 1.3 2.1 1.24
7 0.85 1.01 0.85 1.7 0.95
8 0.98 1.55 0.88 2.8 1.51
9 0.89 1.5 0.55 1.79 1.4
10 0.66 1.04 1.02 2.1 0.92

Average 0.86 1.34 0.87 2.04 1.17

in all cases.Representative trajectoriesthat the robot took on
its routefrom thestart(node1) to � ve goalnodesaredepicted
in Figure6.

As the resultssuggest,our algorithm provides preciseand
reliablenavigation. Neither a map,nor localizationwas used
in theprocessandGPS,IMU andcompasswerenot available.



The proposedalgorithm requires a sensor network to be
deployed and moreover, every node of the network should
probabilistically know its neighbors.Note also that usually
environmentsresemblingour experimentalspacehas every
cubicleand intersectionmarked with either laserbar codeor
RFID tag. Imaginemarking every cubicle or 'interest point'
with markers like nodesusedin our experiment.In this case
the deployment problem is no longer an issue.At the same
time, we showed in our earlier work [10] how to deploy
a sensornetwork with a mobile robot and in the process
determinetransitionprobabilitiesfor every node.

IV. CONCLUSION

We have presentedan algorithm that allows the robot
to navigate precisely and reliably using a deployed sensor
network. Our approachdiffers from systemsdescribedin the
literature by assumingthat a map, localization, GPS, IMU
or compassare not available.The navigation occursthrough
node-wisemotionfrom nodeto nodeon thepathfrom starting
node to the goal node. We conducted50 experimentsfor
5 different goals, totaling over 1 km of traveled distance.
In eachof the 50 casesthe robot successfullynavigated to
the goal node.Note that we consideredan experimentto be
successfulif the robot approachedthe goal node to within
3m. This distancewas experimentallyset as 'good enough',
since goal nodesrepresenta ' local neighborhood'requiring
robot'spresence.Hence,whentherobotarrivesatsucha ' local
neighborhood',local navigationalgorithms,like VFH [2], can
beusedto drive therobotexactly to wheretherobot'spresence
is required.Furthermore,in practice,sensornetwork nodes
would be mountedon top of the cubicles(in placeswhere
currentmarkersare),which makesthe 3m rangereasonable.

As can be noted, proposedsystemcontainsmultiple pa-
rameters.In the future work we plan to investigatehow
accuratelycan the switching stagebe. In addition, we plan
to augmenttheAdaptive DeltaPercentalgorithmto beableto
tuneits parameterson-the-�y astherobotproceedsanddetects
statisticaldependencein gatheredsignalstrengthvalues.
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