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Abstract—We investigate a technique that uses an embedded
network deployed pervasively throughout an environment toaid
robots in navigation. First, we show that the path computed
by the network is useful for a simple mobile robot. The robot
uses a network of 156 nodes to navigate through a complex,
dynamic, environment. This is the largest embedded network
used for navigation we are aware of. In our approach, the
network nodes do not need to know their absolute or relative
positions and the mobile robots do not build any kind of map.
Second, the impact of specic network deployments on path
quality is examined. Two types of arrangements, hexagonalnal
rectangular, in two different environments are considered We
present quantitative results collected from a real-world enbedded
network of 60 nodes. Experimentally, we nd that on average,
the path computed by the network is only24% longer than the
optimal path. Also, we nd a slight advantage for the hexagol
arrangement.

Fig. 1. The Gnats embedded network platform.
. INTRODUCTION

Previous researchers [1], [2], [4], [6] have investigatsithg
embedded networks (e.g., a sensor network) to aid in robo#n our approach to physical path planning, neither the
navigation. The main idea is to use a pervasive netwoRetwork nodes or the mobile robots need to know their
of computing, communicating, and possibly sensing devicggsitions or build any kind of map. The very nature of the
to plan paths for mobile agents. In this type physical network being pervasive and embedded in the environment
path planning the embedded nodes act as vertices of ttigovides, “World Embedded Computation” [7]. The idea is
path planning graph. In our approach, communication linikémple: rather than placing a map of the world in a centrdlize
represent unit-cost edges of the path planning graph. TRgent, many decentralized agents are placed into the map.
assumption is valid as long as the communication graphAlthough having estimates of the map or node positions
approximates the path planning graph. Previous reseaich [fight increase navigation performance, it is indeed pdssib
[7] has shown, qualitatively, that devices relying on iné@ for a robot to navigate through complex environments withou
communication systems meet this requirement. In this wodny map building or localization. The fact that complex
we look to further access this assumption. behavior such as global navigation can arise in such a simple

First, we show how a simple mobile robot can use an emsystem makes the approach an interesting candidate foy. stud
bedded network of 156 nodes to navigate through a compl&4greover, even compared to map-based navigation, using a
dynamic, maze. This is the largest embedded network used fj@rvasive network is particularly bene cial in two situatis
navigation we are aware of. We contend that the effectivenesdynamic environments and planning for multiple robots. In
of this and other approaches are best exhibited in realdwothe rst case, the network can detect environmental changes
experiments with very large numbers of devices since thisasd recon gure quickly, since a communication message can
where they draw their power. Logistical issues often prévemmaverse the network faster than a robot. In the case of pheilti
experiments with hundreds of devices, but to fully underdtarobots, instead of the robots building their own maps and
the behavior of swarm-like systems these issues must smmehow merging them, the robots share a common map
overcome to enable real experimentation. Second, we exxamamd common plan. The network could also perform robot
the impact of specic network deployments on path qualitcoordination, for instance, directing coverage pattepath
Two types of deployments, hexagonal and rectangular, in twle-con iction, or traf ¢ control. We do not address multel
different environments are considered. mobile robots in this paper, but plan that for future work.



structure PathMsg

int hops

The Gnats embedded network platform is used to performint sequencenumber
physical path planning. The Gnats platform is exible and Nt gnatid
inexpensive, but very resource constrained. The platfarm Rrocedure INIT(O)
pictured in Figure 1. The devices have 4 IR emitters, 4 IR NOPS MaxHops

. ... . sequencenumber 0

receivers, a temperature sensor, a button, and two VISIb|$]eighb0rs HashTable
light LEDs. The Gnats rely on th_e PIC1_6F87 microcontrolleg, event MsGRECEIVED(PathMsg msg)
for computation. The PIC's oscillator is con gurable from  app(neighbors, msg)
software, with a frequency range of 125kHz to 8MHz. It has for n in neighbors do
4K of programmable ash program memory and 368 bytes of if n:timestamp < ValidTimeoutthen
RAM. There is an external 32K serial EEPROM for storage, ~ If n:hops+1 <hops then
and also an additional 256 bytes of backup EEPROM. A hops  n:hops +1

Il. THE HARDWARE PLATFORM

. . . end if
variety of sleep modes result in very long lifetimes and gisva else
on functionality. The Gnats can be put to sleep and woken up  DeLeTE(neighbors, n)
using infrared messages, the button, or by timer. end if

The IR emitters have a maximum rating of 100mA and with €nd for

this we have measured reliable communication over ranges o'tf msg:sequencenumber > sequencenumber then
: : sequencenumber msg:sequencenumber

up to 5m in best-case con gurations. The Gnats have been TransmiTMsa(hops, sequencenumber, gnatid )

programmed to communicate with the LEGO Mindstorm/RCX end if

robots allowing them to communicate with both RCX robots as

well as the LEGO infrared PC dongle. This enables interactio Fig. 2. The Gnats path planning algorithm.

with a PC, for instance, for downloading new programs,

putting the devices to sleep, and reading the EEPROM.

The devices can be programmed individually via the We can think of the network as routing robots to their
MPLAB integrated development environment through a PlGlestination. However, currently, the nodes do not know the
START PLUS device programmer. However, the best way t@lobal, or even local, position of their neighbors, so they d
program many devices at once is using the LEGO infrareabt direct the robot in any direction. Rather, the mobileatob
dongle. The PIC is self-programmable, meaning it can regdeedily approaches the lowest-valued node. It will themeo
and write its own program memory while running. Thisvithin communication range of that node's parent and carin
capability enables us to program the Gnats at runtime ubkimg bn toward that node, eventually reaching the goal.

infrared communication system. We have programmed overThe Bellman-Ford algorithm was implemented successfully
100 Gnats in under 3 minutes in this fashion. A system fej the Gnats platform. A brief outline of the algorithm falls.
dynamic code propagation is currently being developed.  First, a device is designated as the goal. Next, the goal node
begins to send messages to its neighbors, with its distance
I1l. PHYSICAL PATH PLANNING to goal (its hop-count) equal to zero, and with increasing

The distributed Bellman-Ford algorithm is used as of€duence numbers. The rest of the network continues to
physical path planning algorithm. This algorithm was showroPagate this “goal” information. The Gnats keep a neighbo
to result in physical path planning in previous work [6]iSt W|th_ mformatlon_such_ as the nelghbor'$ id, the lastdim
The distributed Bellman-Ford algorithm is a simple network1€ device talked to its neighbor, and the neighbor's haato
routing algorithm [3] to nd the shortest path to a destioati A Neighbor is removed from the neighbor-list if a period of
from all nodes. With this method, one node in the netwofiMme has passed without any interaction. Then, each device
becomes the goal location. The Bellman-Ford equation f&§0ks through their neighbor-list for the neighbor with the

nding the shortest path from to j is: minimum hop-count. This minimum hop-count is incremented
by one and is propagated as the node's hop-count. The gnats
D(i;j) = " miﬂb d(i;k)+ D(k;j) only propagate information when they receive a message with
neighoors

a higher sequence number than they have seen before, thus

whereD (i;j ) is the path cost from to j, andd(i; k) is the preventing cycles. The algorithm is sketched in Figure 2.
distance between andk. This algorithm is used to create a Typically, propagation of the goal information takes on the
directed graph of shortest paths from every node to the goatder of a couple of minutes in networks of around 100 nodes.
Note, in our approach the navigation distance is measuredOfficourse, this time is a function of environmental compigxi
hops. This only makes sense if our communication mediunetwork deployment, ambient interference, etc. Duringetke
is local and blocked by obstacles to navigation. The hardwareriments the devices log their local connectivity infotioa
platform, the Gnats, meets these requirements. As we sr®ll fneighbor-list) and their distance to the goal (hop-coukfier
in Section V, hops provides a good approximation to the trilke experiment, we uploaded the devices' EEPROMs to a
navigation distance in many environments. PC for post-processing. Using the data we create a graphic



procedure INIT()

hops  MaxHops
gnatid O
SETTIMER(MaxTimeout)

on event M sGRECEIVED(PathMsg msg)

if msg:hops < hops or msg:gnatid = gnatid then

SETTIMER(O)
hops msg:hops
gnatid msg:gnatid
end if
procedure MAIN()

INIT()
loop
if BUMPLEFT() then
BACKUPANDTURNRIGHT()
else if BUMPRIGHT() then
BACKUPANDTURNLEFT()
else if GETTIMER() > LargeTimeoutthen
INIT()
SPIN360DEGREEY)
else if GETTIMER() > SmallTimeoutthen
SCANTURN()
else
GOSTRAIGHT()
end if
TRANSMITREQUESTM sG(gnatid, hops)
end loop

Fig. 4. The mobile robot's algorithm for navigating throutite Gnats.

a very simple algorithm to navigate through the environment
The robot continually polls nearby Gnats (approximately 3
times a second) for their hop-count. When the robot has not
talked to any Gnats (either initially or after a time-out)et
robot will spin in a complete circle keeping track of the Isive
hop-count it sees. The robot then drives forward as long as
it hears its current destination node or another node of lowe
hop-count. Note, once the robot has chosen a destinatio® nod
it will not consider other nodes of the same hop-count until
it times out, thus preventing oscillations between nodebhef
same hop-count. If the robot loses contact with its destnat
node, it turns until its realigned with the current destiomat
node or another node of lower hop-count. The robot will time
out completely after some long idle period. This method of
spinning and constant communication provides the robot ver
rough azimuth information about nearby Gnats. The algorith

is sketched in Figure .4.

The global navigation information provided by the Gnats
is complemented by a simple reactive response to its bump
sensors. If the robot bumps into something, it backs up and
turns a small amount away from the collision. This method
allows the robot to traverse small obstacles not accourted f
by the Gnats. The global path planning provided by the Gnats
combined by the robot's local reactive navigation resufts i
the robot successfully navigating through complicatedi-env
ronments. The robot was able to use a network of 156 Gnats
to navigate through a dynamic, complex, maze in under 10

describing the experiment. Experiments using 60 Gnats are

visualized in Figure 6.

For this approach to be successful, two criteria must be
met. The area being traversed must be covered by Gng&s

navigation in a simulation study. In this work we assume tlbe
network has been deployed such that it is both connected,
it also covers the area to be navigated. We are intereste
understanding how well the network can aid navigation givea{‘bI

these two criteria are met.

IV. MOBILE ROBOT RESULTS

minutes. Figure 3 shows the connectivity network of 156 Gnat
aiding a robot in navigation, and a path the robot took.
Because of the mobile robot's simple navigation algorithm,
d even simpler hardware, its trajectory through the netwo
not as straight as we would hope. The robot occasionally

turn in circles until it regains contact. The hardware misrha
eéween the infrared systems of the robot and the gnats is the

(%?Hef cause of this unreliability in communication.

dditionally, when the environment changes, the Gnats are

e to detect this, replan, and offer the robot a new path.
The speed of this response is a function of the timeout values
of both the Gnats and the robot. Given a very reliable com-
munication channel these timeouts values can be arbjtraril

In addition to propagating messages from the goal, tlkenall. Sadly, our communication channel is not so reliable

network of Gnats are programmed to interact with a LEG@nd we must have modest values for these timeouts. Despite

Mindstorm/RCX robot. The mobile robot is chie y composedhe latency in recon guration (on the order of minutes), the

of a LEGO base, two motors, two bump sensors, an Hitadiie spent recon guring is much faster than having the robot

H8 processor with 32K of RAM, and an infrared transceiveperceive, map, and re-plan.

The base of the robot is constructed such that Gnats can pass

through the middle of its body, or they will be slid aside as it V. EXPERIMENTS

passes. The mobile robot was programmed with the BrickOSIn motivating our technique, we assumed the communi-

[9] software environment. BrickOS is a complete operatingation graph approximates the path-planning graph, but how

system for the RCX, allowing us to modify the communicatiogood is this approximation? After all, the Gnats communica-

protocol stack to be compatible with the Gnats. The Gnats atioh is affected by ambient infra-red interference, unexpe

the RCX robots can exchange arbitrary messages over a 2#@8rference by nearby nodes, re ections, hardware fajlur

baud infrared communication channel at ranges up to 3ft. etc. In order to better understand how the communication
As described above, the Gnats communicate with each otlgeaph approximates the path-planning graph we empirically

to compute their distances to the goal. Then, the robot usasalyze two types of deployments, rectangular and hexagona
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Fig. 3. (a) Two views of the maze. (b) The communication grapi56 Gnats when node 229 is assigned to be the goal. The pdtie cobot is drawn

in black.

Rectangular Hexagonal
No Obstacles| Box-Canyon || No Obstacles| Box-Canyon
Optimal Path Length (mean(ft.)) 8.62 9.40 8.56 9.29
Expected Gnats Path Length (mean(ft.)) 10.01 11.70 9.46 10.74
Actual Gnats Path Length(mean(ft.)) 11.98 12.86 9.87 12.29
Average Difference from Optimal(mean(ft.)/stddev(ft])) 1.71/4.66 3.52/9.51 1.33/1.12 3.06/8.76
Percentage Longer than Optimal (mean/stddev) 18.60/49.96 | 34.35/85.78| 13.89/10.50 | 28.62/73.46

Fig. 5. The average path lengths of the optimal path, thea@deGnats path, and the actual Gnats path.

arrangements, in two different environments. Althouglséheeach experiment, a different node was designated as the goal
arrangements seem somewhat ideal and unrealistic, topolaagd we logged the communication connectivity and hop-count
control techniques (e.g. [8]) can be used to create simiter EEPROM. Graphics depicting the network connectivity
uniform network overlays for navigation from real (i.e. Ronand hop-counts for four particular experiments are shown in
uniform) sensor network deployments. Figure 6. The data collection in one experiment (rectarrgula

In all congurations, the environment is covered by é)bstacle-254) failed so we do not include that in the ansalysi

connsctedl netwc()jrkhof 60 Ggats. _The rst (:]nvwontrjnent has To better understand the quality of the computed paths,
no obstacles and the second environment has a box-can compare three different path lengths. First, we compute

obstacle. In all cases the nominal commun_ication range(ﬁ)ﬁmal Path Lengththe length of the direct path a robot
set to 2-3 ft. In the rectangular con guration, the Gn_atéould take if it used a map of the environment instead of
are separated. by 2 ft, and the hexa_gonal arrangement is Gnats. SecondExpected Gnats Path Lengtthe length
rectar_1gu|ar vynh_every other row shifted. The environments o path along the waypoints prescribed by the Gnats,
are pictured in Figure 6. assuming a perfect 2.5 ft. communication range. Finally,
For each con guration we ran 10 different experiments. Fdkctual Gnats Path Lengtthe length of the actual path in light



of imperfect or unexpected communication between Gnalbey demonstrated their system with a Pioneer mobile robot
during our experiments. and 7 Motes. Payton et al. developed ideas like “World
The last two path-lengths model a robot moving from nodembedded Computation” in their approach to controlling a 20
to node. In other words, théctual (Expected) Gnats Pathrobot, mobile swarm. In their approach, many mobile robots
Lengthis the length of the path a robot would use to navigatése short-range infrared communication to navigate anglesen
through a eld of Gnats. To compute the path-length in casés a distributed fashion.
where a node has multiple parents, we average the parent's
: VII. DISCUsSION
path-lengths. At any node the robot moves to one of the node's
parents with equa| probab|||ty Thus, the path-|ength fapde First, a Simple mobile robot used a network of 156 nodes to
is the average of the quantity - the distance to each parast phavigate through a complex, dynamic, environment. Thises t
the parent's path-length. largest embedded network used for navigation we are aware of
For all 40 experiments we compute the optimal path-leng¥fe contend that the effectiveness of this and other appesach
from each node to the goal. Also, we compute actual Gna&e best exhibited in real-world experiments with very éarg
path-length, i.e., if a robot were to go from node to nodeumbers of devices since this is where they demonstrate
following the computed hop-counts as described above.dJsiheir power. Logistical issues often prevent experimerits w
these two numbers we calculate, on average, how much lonfepdreds of devices, but to fully understand the behavior of
the Gnats path is than the optimal path. The results &arm-like systems these issues must be overcome to enable
presented in Figure 5. We see that the hexagonal deploymé®! experimentation. Second, we presented results for two
is on average, closer to the optimal than the rectangularemdlifferent network deployments, in two different envirormte
important]y’ the Computed path-]engths are on averager (OWG found that the embedded network prOVides a path that is

all con gurations), only24% longer than optimal. on average?4% longer than optimal.
In future work, we plan to compare these results to random
VI. RELATED WORK deployments of different densities. Random deploymergs ar

A number of researchers [1], [2], [4], [6] have investigateBetter models for networks dropped from planes or ships, and
using embedded networks (eg a sensor network) to aidr]ﬁtWOI'kS that have degraded over time. In addition, random
robot navigation. Batalin et al. [2] use a network of Motes tgeployments offer no guarantees on connectivity or cowerag
aid in coverage, navigation, and task allocation. Spediyca We also plan on investigating ways the network can coordinat
they employ a technique called “Distributed Value Iteratio the activities of multiple mobile robots, for instance, yiring
In their approach, transition probabilities between noftes Path de-con iction and traf c management services.
each navigation action are determined during deploymentAcknowledgments. This work was supported by the Na-
Then, the network uses these probabilities and a cost aimcttional Science Foundation under awa#@326396. The au-
to compute a policy of action for the robot. They demonsttatéhors would like to thank Ben Axelrod, Can Envarli, and Arya
their approach using a Pioneer mobile robot in an of c&ani for help with the experiments and useful discussion as
environment using a network of 9 Motes. well as Shaleen Harlalka for help building the robot base.

Li et al. [4] use a network of 49 Motes to compute a poten-
tial eld for navigation. The embedded nodes are able to sens o
and propagale *danger-ness" allowing them to_plan aroufth &, fnkus, N, My © i 0B, Bavent ‘Spatctempirguey
areas that would hinder navigation. In a manner similar {p [6  |EEE/RSJ International Conference on Intelligent Robotsl Systems
[7] we don't need to explicitly model obstacles, but rather (IROS '05) Edmonton, Canada, August 2005. o
use properties of the communication network 1o plan arouff U BT C. S, Sultatme, and M. Hatig, ‘Moble Robombigaton
obstacles. They evaluated their technique on various mMEtWO and Automation (ICRA '04)pp. 636-642, New Orleans, Louisiana, April
topologies and found the shortest and safest paths. Due t02004.
the differences between the Gnats and Motes communicat[gn"' Ford, D. Fulkerson,Flows in Networks Princeton University Press,
systems, their communication network is much less locai tha Sf’”ﬁ,etﬁ,l”_’ Séhﬁig,z'and D. Rus, “Distributed algorithms fguiding
ours, often resulting in long-range unexpected connestion navigation across a sensor networlth International Conference on
which can be detrimental in supporting navigation. ¢ WeBle Compuing and Neworinpp, 313325 Septerver 2003

We used the algorithm of O'Hara et al. [6] in this work. ~ ative Multi-Robot tasks,7th International Symposium on Distributed

They showed their network of 19 nodes was able to perforrgﬂ ngzomous protit‘:E Ss/s&erﬂsmf\ 2|004. o Walker. T orsical
: : : : : FPE . O'Hara, V. Bigio, E. Dodson, A. Irani, D. Walker, T. Beth, “Physical
physical path planning in a dynamic environment. Addltlor{ Path Planning Using the GNATSJEEE International Conference on

ally, simulation studies [5] showed how the embedded nekwor  Robotics and Automation (ICRA 'Q5Barcelona, Spain, March 2005.

could support effective cooperative foraging. Quantiagim- [7] g- EatytO’[LAMi Daily, R. EStt()mtlSkil' f\lfli Howa?fé %rgi Cz-olbeleﬁ@l"omone
H H A opotics ', AUtonomous RO 0l. , . - y .

ulation results illustrated the sensitivity of the appiiodo o ¢3S " (T ol D, Estriﬁf’ “Geography-informhergy

different network sizes, environmental complexities, ated Conservation for Ad Hoc Routing ACM/IEEE International Conference

ployment con guration. Alankus et al. [1] develop an appioa  on Mobile Computing and Networkingtome, Italy, July 2001.

where a sensor network is used in conjunction with a prol] Ntw://brickos.sourceforge.net

abilistic roadmap method to help in mobile robot navigation
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Fig. 6. (a) The rectangular arrangement with no obstadgsTle hexagonal arrangement with a box canyon. (c-f) Visatibns of the data from a network
of 60 Gnats showing the hop-counts and connectivity whererildacts as the goal node. Inner number indicates hop coutet, mumber indicates device
id, thicker lines represent more connectivity.



