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Abstract—The main contribution of this work is an online is discussed in [1] and [2]. This system is unique in that it
path planning framework for cooperative search and localiation  allows for target search and localization in the same soéwa
using unmanned aerial vehicles. In this work, a team of vehies framework. Camera frames are processed to form likelihood

is used to cooperatively search for a single stationary tam. . . . . .
A vision-based sensing system, that incorporates positioand functions, which may then be combined, in a Bayesian frame-

attitude uncertainty, is used to develop probabilistic likelihood ~WOrk, with a prior distribution to form an estimate of the
functions. By accounting for image frames where the targets target position. In this manner, the target may be localized
not detected, a single framework may be used for both search jn world coordinates. Likelihood functions may be passed
and localization. Likelihood functions are fused using a Bgesian between vehicles, to perform search for a target coopetgtiv

framework, over a grid. Cooperative sensing is accomplistieby Path ol o lished i dina-hori p
exchanging likelihood functions between vehicles. ath planning Is accomplished in a receding-horizon frame-

A receding horizon approach is used to plan paths. At each WOrk; an objective function that captures information gesin
planning step, a gradient based optimization routine is usé to optimized at each time step, over some planning horizon. Co-
maximize the probability of detecting the target in the image. A operative planning is accomplished by exchanging predicte
separate long-term planning strategy is used for cases wher genging actions between vehicles. To account for a limited

the vehicle is far from the target distribution. For the sake footorint iable N0 hori . d 3
of cooperative planning, vehicles exchange expected likebod SE€NSOr 100tprint, a variable planning horizon 1s use @], [

functions, representing planned future measurements. Réaer Various approaches for Se?rChi”g and tracking targetgusin
than developing a team-optimal solution at each time step, a UAVs have been proposed in [5] and [6]. The development
greedy approach is used. of a unified framework for search and track was proposed by

This system has been implemented on the Berkeley UAV gqrgaultet al. [7]. Bourgault uses a grid-based probability

platform. Sensing and control are performed in a distributed : . L .
manner, on each aircraft, in real-time. Data for cooperative sens- density function (PDF) to represent target position in trame;

ing and planning is exchanged over a wireless ad-hoc network the precision of the estimate is limited by the resolution of
Results from field trials demonstrate the viability of the receding the grid, and states with more than two dimensions (such as
horizon path-planning, in both single aircraft and multi-aircraft  position and velocity in two dimensions) are difficult to nebd
scenarios. For search problems, with stationary targets, this apprisc
effective.

Previous research involving experimental mobile sensing
includes work by Grocholsky [8], Cole [9] and Ross [10]. Cole
U NMANNED aerial vehicles have shown promise in regt g|. implemented a framework for multi-target localization

cent years for autonomous sensing. UAVs systems hay§ing multiple UAVs. Extended Kalman filters were used for
been proposed for a wide range of applications, such ggintaining the target distributions, and a cooperatik ta
mapping, surveillance, search and tracking operation® Thyocation framework was used for vehicle routing. Groskgl
recent availability of low-cost UAVs suggests the use ofitea jmplemented a receding-horizon path planning framework fo
of vehicles to perform sensing tasks. To leverage the ckpaia/-UGV cooperation; however, a coordinated approach was
ities of a team of VehiC|eS, efficient methods of decentealiz used, in which no p|anning information was shared. Infor-
sensing and cooperative path planning are necessary.  mation gain was predicted only for a single planning step.

The goal of this work is to examine practical control stratqrosset al. developed a system for a single vehicle to localize
gies for a team of fixed-wing vehicles performing coopemativy stationary target using vision. A receding horizon cdntro
sensing. We seek to develop decentralized, autonomoutonipproach was developed to point the camera at the target,
strategies that can account for a wide variety of sensifghile a Kalman filter was used for estimation. In all three
missions. Sensing goals are posed from an information thewses, static targets were localized.
oretic standpoint, to design strategies that explicitinimize  The work presented here is unique in that the full sensor
uncertainty. This work proposes a tightly coupled approath model is incorporated explicitly into the control algorith
which sensor models and estimation ObjeCtiveS are Usedmnﬁ'husy an agent may evaluate the effect of an action on infor-
for path planning. mation gain. This work also implements an online, contiraiou

The experimental goal of this work is the use of a teagptimization to choose a path, rather than relying on talsk al
of unmanned vehicles to search for and localize a stationgtion. Rather than consider some abstract utility for pitag,
target. The vision-based sensing system used in this w@fedicted measurements from a candidate path are explicitl
evaluated with respect to information gain. A fully coopiam
approach is taken, in which both sensing information and
future actions are shared. Lastly, the planning horizon for

I. INTRODUCTION
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this optimization is allowed to vary, online. By allowing a I1l. FILTERING

variable horizon, a more robust system is developed, that ca A yecursive Bayesian framework is used to fuse likelihood
handle a variety of missions, using range-limited sensihe.  fnctions to form a probability distribution representiagget
framework has been tested experimentally for both seardh fysition. Both the detection and no-detection likelinoadd-
localization missions. tions are non-linear and non-Gaussian, which precludey man
filtering schemes, such as the Kalman filter. Because of these
non-linearities, a grid-based scheme is used to maintan th
distribution.

A vision based system, incorporating downward lookin Recursive Bayesian estimation is a general framework to

cameras and on-board data processing, is used for sens g% ste_zns?r ?ata and at' tar?ethode_l o at_prlotr_ pr(i);alabmty
The sensing system is explained in detail in a paper by Ki ribution 1o form an estimaté. bayesian estimation &i8s

[2]. In previous flight experiments, the sensing system wa a:jplrgdlct|on steptagdbantﬁpdlgl;[elitepaIrf] thflcasze,;(hersens
shown to be effective for search and localization of statign modet IS represented by the fikelinood func '(m £Xk),
targets. Image data is processed online to form Iikeliho%gjerek represents the time step. The target is represented
functions that indicate the probability of an image, givee t ya pr(;lcetss mOddP(f_(leJx’;%' In thg_ l:_pdat? statEe, E4qb. ‘tﬁ
true target position. The camera was modeled as a standard>" %@ a IS applied. In the prediction Step, £¢. 2D, the
pinhole camera, with uncertainty in the position, altituatel process model IS u.sed_ to estimate the distribution at ime,
attitude of the aircraft. The probability of target deteatiis based on the distribution at timie

Il. SENSING

dependent on the resolution, which is defined as the length  p(x, |7, .y — P(Z1|Xy) P(Xg|Z1:5-1) (43)
compression function, or the size of the target projection o ' P(Zy|Z1:x-1)
the image plane. The camera coordinate system is shown in

Figure 1(a). P(Xt1]Z1:k) = /P(Xk+l|xk)P(xk|lek)dxk (4b)

T andR(v, 0, ¢) are the position and attitude parameters of Targets in the work are assumed to be stationary; thus
the cameraZ is a random variable indicating target detectionhe filtering system is simplified, as a prediction step is
Given a detection even, = D, Ur are the image coordinatesynnecessary. A detailed discussion of this filtering system
of the target in the image. The detection likelihood, Egnd other approaches, is in [1]. For the sake of cooperation,
1, specifies the probability of detecting the target at imagg exactly parameterized likelihood functions were passed
coordinatesUr, given that the target is at world coordinategetween vehicles, over an ad-hoc network. This approach
X and given aircraft position and attitude estimafesR. allows for a global estimate of the target to be maintained

on all vehicles.

PWUr,Z=D|X,T,R) 1) IV. PATH PLANNING
- . L The goal of the control scheme is to maximize an objective
The likelihood in Eq. 1 accounts for localization. Uncerfunction representing information gain.
tainty in position and attitude estimates is incorporate i
the likelihood function by convolving probability distritions
for these estimates with a Taylor series approximation ef th U* = arg max J(U) (5)

transformation from world to image coordinates. ] ]
whereU = {Uy,...,Ux} are the control inputs oveK time

PUr | X, T,R) = (2) steps, subject to some constraints, anJ) is a reward
R A function that captures the value of the information cobelct
/ /P(UT | X, T,R)P(RIR)P(T|T)dTdR For a general sensing problem, computing the optimal cbntro
RJT sequencdJ” is intractable for any significant problem length.
Eq. 3 gives the probability of not detecting a target in th&0 make the problem tractable, a receding horizon approach
image frame, given that the target is at some world cooreiafS Used, where optimal solutions are computed for a shost tim
X. This likelihood function indicates which points do nofiorizon, N, at a fixed interval.
contain the target and accounts for target search.

UZ:N+I€ =arg max J(Upn4x|Urr—1) (6)
Uk:N+k
P(Z =-D|X,T,R) ) In this work, a gradient based approach is used to solve for

optimal paths. The actual objective function used in thiskwo
These likelihood functions may be combined, using variois introduced later in this section. Generally, this optation
Bayesian filtering techniques, to find the distribution oé this non-convex, and convergence to a local minimum is all that
target position [1]. may be guaranteed. The use of multiple initial conditiony ma
Figure 1 indicates sample detection and no-detectionidiketlecrease the chance of selecting a non-global minimumnGive
hood functions. Light areas indicate values close to zard, athat this optimization problem must be solved in real tinme, t
darker areas indicate values closer to one. use of computationally efficient structures is necessary.
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Fig. 1. Camera coordinates and example likelihood funstion

A. Long Term Planning Dubin’s paths are the optimal trajectories between any two

Many receding horizon strategies use a terminal cost\%’ims' and are quickly calculated [11]. Example reach feets

account for long term goals. The use of a terminal cost allod & Dubins vehicle are shown in Figure 2; if the optimizatio
for effective paths to be planned, in a myopic situation Whe{,qutine failed to find a significant measurement inside the se
' indicated byk;, the horizon could be increased, to search for

there is no information to be gained within the plannin .
horizon. In this work, a different approach is used to de measurement in séj.
with myopia. The goal of this scheme is to choose a plannina
horizon to ensure that every plan has a value above so
threshold.

When J(Uy. v, ) is less than some threshold,the plan-
ning horizon is increased; as the planning horizon is irsda
however, a different optimization strategy is employedisTh
strategy is referred to as an Increasing Horizon Plann
shown in Algorithm 1. Given some planning horizoky,, Fﬂ
the planner selects the best possible measurement witain
vehicle reach sefReach(ky,). If the value of that measurement
is above some threshold a path is planned to make thai
measurement; if the value is not large enough, the horizon
increased, and another plan is made. This approach desrei
the dimensionality of the optimization at each iteration.

Algorithm 1 Increasing Horizon Planner

1: while J(Zj:x,) < threshold do Fig. 2. Reach Sets for a Dubin’s Vehicle.

2: Zy, = argmax J(Zy,)

3 kn :kiefefc}l(kh) In this work, a simplified reach set was used; attitude

4 Calculate shortest pati;.;, to take measurementan_9|_e5 were r_10t used in th_e optlmlzauon. For computational
Zr efﬂmency, a C|rcular_apprOX|mat|on of the reac_h-set waadus

5 Find measurement sequeriégy,, 1 for path Y., for planning _steps with I_argk_h. In future work, this procedure

6 end while could be refined by optimizing over the exact reach set.

For a threshold, plans will be within (k;, — 1)e of the B |nformation Measures
maximum value obtained by the optimal path, as all previous o ) .
measurements fdr < &, have value less than For the search  For the sake of search and localization, appropriate dtsect
problem detailed here, this planner can be run efficienfiynctions include probability of detection and entropy.eTh
when the modes of the PDF, within the reachable set, maytropy of a probability distribution}{(P(X)) is a measure
be evaluated quickly, to seed the unconstrained optinaizati®’ Uncertainty. For a continuous distribution,
(line 2 of Alg. 1). When the probability distribution is stat
as a grid, evaluation of the modes is computationally efficie H(P(X)) = — /P(X)ZOQ(P(X))dX )
For other representations, such as a particle filter, ardifte
approach might be necessary. Also, the shortest path muke reduction in entropy, due to conditioning on a series of
easily be calculated; for a UAV with a constrained turn-ratéuture measurement is referred to the Mutual Information
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(MI).
MI(X;Z) = H(P(X)) — H(P(X|Z)) 8) U = argmax J (U, .., U7) (11)
H(P(X|2)) = XEZ [—logpjg((iz))} (9) whereU = {U},,...,U".} are the control inputs of the:

team-members ovér time steps, subject to some constraints.
MI is a measure of the information abodt contained in There is a significant amount of research on solving optimiza
Z. In evaluating a trajectory for sensing, Ml is an intuitivdion problems cooperatively [13]. Though these procedures
measure of the value of a series of measurements, priortdl yield a (locally) optimal solution, these schemes are
taking those measurements. With respect to a search prpblggnerally too computationally expensive to implement on a
entropy minimization can be thought of as localization, levhi real time system.
not necessarily requiring that the target be detected. ThisRather than implement a team-optimal solution, a greedy
measure is used in many sensing problems [9]. policy is used. Controls chosen by a greedy polidy, are
Given P(X), and a series of future observatighs;, that are defined by
a function of the vehicle path, the probability of detectthg
target in each of those observations may be calculated. This
gives rise to the cumulative probability of detection (PO&Y)
the probability that the target will be detected, at leastepn
over some series of observations. Defipeas the probability
of not detecting a target, for sensor readingso & for m
vehicles.

0" = argmaxJ(U'|0", .0 (12)

A greedy policy is one where measurements are selected
sequentially, to optimize the cost function, based on ad pr

. ~ 1
viously selected measurements, Le. = argmaxJ(U') and

U” = argmaxJ(U%|0"). Conditioning is defined by
m k

@i = [ PO ] P@ = Dixiviix o) U — JU ) — U 12

i=1j=1

Then, the cumulative probability of detection at tifés equal For submodular and non-_decreasing objective. functions, a
to 1—Q(Z1:7) [12]. This function was used as the objective yfower bound on the optimality of the greedy policy may be

Eqg. 6, by considering that the measuremehire a function establ_is_h_ed. . .

of the vehicle path, and thus the conttal _ Definition 1 (Submodular)A set function f is submodular
Generally, computing an information measure for a did J;(C %‘1) N f(4) > f(C;]U B)._ fE]B) T]A € B.

tribution is computationally expensive. To compute mutu:§u modularity captures the notion that the more measuresmen

information, an expectation must be taken over both targ¥i€ 2dds to a pool, the less valuable an individual measure-

state X and observationZ. For the sake of computing thement becomes.

probability of detection, this problem becomes quite easy. (71 72)_ j(z2) > J(Z", 2%, Z%) — J(Z%, Z%)

While Ml is in many ways a more general objective function,

POD was used in this work, due to the ease of computatiddne consequence of submodularity is thdfZ?) >

For POD, it is assumed that the target is not detected at eakfi#>|Z").

time step, thus no integration over observations is necgssa Definition 2 (Nondecreasing)A set function f is nonde-
Only an integration over the target state is necessary; tekgasing iff(B) > f(A)VA C B.

computation is simply a two-dimensional integral, and mayhe non-decreasing property implies that the addition of a
be calculated quickly, in the control loop. By comparisormeasurement always increases your rewaftz', Z%) >
computation of MI would be a four-dimensional integral, pve/(Z'); taking an observation of a target, on average, can not
both sensor values and target state. increase your uncertainty.

In this work, the relationship between the conttdland  Given a submodular, non-decreasing objective function, a
the vehicle stateY is assumed to be deterministic. Clearlygreedy policy yields plans that are, at worst, half the valtie
this is not the case, as no controller will produce a perfetéte optimal solution, regardless of the number of agent} [14
path. However, taking an expectation over vehicle paths $pecifically, the greedy algorithm yields a policy where
computationally expensive, and likely would not producg an J(U") < 2J(U) (14)
real performance gain.

Both Mutual Information and probability of detection are
submodular and non-decreasing [3].

The full planning algorithm is shown in Algorithm 2. A

In this work, we consider teams of vehicles, cooperating treedy algorithm is used for cooperation, while a variable
maximize the same objective function. Rather than considsorizon is used when vehicles are not in an area of local value
Eq. 6 which represents a reward function for a single vehicle is important to note this algorithm allows each vehicle to
we consider Eq. 11 to account for the decisions of multipfgan to a different horizon, when necessary. The bound of Eq.
vehicles. 14 applies when vehicles are planning to the same horizon.

C. Cooperation
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Algorithm 2 Planning Algorithm fori?” Vehicle aircraft was used, discretized at one second intervalsuahct
1: Receive predicted measuremerﬂ%iﬁ;l, from other ve- Sensing occurred at roughly 4 Hz. The initial horizon for the
hicles o path planner set between eight and fifteen seconds, with re-
2: Apply predicted measurements to distributiéiX, ) = Planning occurring every one to three seconds. An extended
P(xk)P(leciﬁ;hl = D|X), assuming no-detect Kglman f||t¢r was used to fI|F€‘I’ GPS and attitude data, as the
3 (= argmaxJ(U, P(Xy, )) P|_ccc_)lo avionics system delivers GPS updates at only 4 Hz.
v ' Missions were flown at 80 meters and 110 meters, to prevent
4: If J(U) < e execute Algorithm 1 (Increasing Horizonpossible collisions between aircraft. A square grid of 6400
Planner). . cells was used to model the probability distribution over 1
5: Calculate pathy, based orJ square kilometer. The targets used were 3 meter red tarps.

6: Calculate predicted measuremerﬂ%kh based on path

Y. ) . VI. HARDWARE-IN-THE-LOOP SIMULATION RESULTS
7: Transmit measurement sequerg,, ) ]
' Prior to flight test, the system was tested on a 6 DOF

Hardware-in-the-Loop setup, with flight avionics and seaiite:
The first example, in Figs. 4(a-c), illustrates the value of
long-term cooperative planning. A prior target distriloutivas

The Berkeley UAV platform is based on a Sig Rascapecified over four small, geographically distinct areagsaeh
airframe, shown in Fig. 3. This airframe has a 110 incborner of a 1 kilometer square box. Dark areas indicate high
wing span and carries 14 pounds of payload at a grgz®bability of target, while light areas indicate low praifdéy.
weight of 27 pounds. A Piccolo GPS and pitot-static avionidBlack dots indicated desired vehicle path. Each vehiclebeg
package, produced by Cloudcap Technologies, is used for Idlve simulation far from the areas of interest, and thus made
level aircraft control. Various cameras are available fighti long term plans. Initially, each vehicle was closest to thap
experiments; in this work, fixed, downward looking bullett (0,0). By exchanging predicted likelihoods functionplan
cameras, with resolution 240 by 320 pixels, were used. Avas formed that takes only one vehicle to each target. Far
on-board 1.8 GHz Pentium PC104 system performs high lefedm the target, long plans were made using Algorithm 1.
planning, video-processing and control. An 802.11b ad-hés each vehicle approached an area of significant probgabilit
network allows for inter-vehicle and ground communicatiorshort term plans were made, using the gradient based planner
The user may guide the vehicles in their search by enteriigis example illustrates the value of an adjustable plagnin
probability distributions using a graphical interfacer Rather horizon.
information, see [15] and [16].

To solve the optimization problem in Eq. 6, a gradient baset 1.
solver was used to find solutions in fixed time. Though variot_ e
software packages were evaluated to solve this problemsg
simple gradient based solver was developed to guaran: *
fixed time computation, and to allow for application specifi ~ | .-+ ) =
modification. The solver was seeded with a variety of initic — T T
conditions, at each time step, to reduce the chance of cgnver Trestenm Hresten et
ing to a non-global minimum. A separate low-level tracking @ =5 (b) t=41 ©t=68
controller was employed for flying the path developed by theg. 4.  vehicle trajectory and target distribution at vasotimes for
path planner. The tracking controller is based on a spatkrdware-in-the-Loop Simulation.
sliding mode controller [17]. The control schematic may be
seen in Fig. 3. The system was also tested to examine the effects of

For receding horizon path planning, a unicycle model of ttehort-term cooperation. Figure 5 shows trajectories foaia p

V. EXPERIMENTAL SETUP

1000

8

Y position, m
*
¥ position, m
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Fig. 6. Vehicle trajectory and target distribution at vasaimes for localization flight.

leading to four passes where the sensor captures the target i
frame. Localization error for this flight was 6.7 meters.

A single plane was tasked to search for a target over
the prior probability distribution shown in Fig. 7(a). This
distribution was uniform over portions of the runway andd®a
to the north and south. To force the aircraft to search thieeent

¥ position, m
¥ position, m

0 500 1000 0 500 1000
X position, m X position, m

(@) t=37 (b) t = 91 () Probability of De- Prior distribution, no targets were placed on the field. Thredwv
tection during this flight was 8 m/s with significant gusts, from the
northwest. Vehicle cruise speed, for this flight, was 21 m/s.

Fig. 5.  Vehicle trajectory and target distribution at vasotimes for ) ) )
Hardware-in-the-Loop Simulation. Due to the wind, the vehicle is unable to search the

northwestern portion of the road on the first pass, as seen

in Figs. 7(b,c) and must return after searching the southern
of vehicles searching for a target. The simulation was rygad in Fig. 7(f). Plots of probability of detection and ey
cooperatively, and without cooperation (coordinated)tHa are shown in Fig. 7(g,h). The prior was searched at a rate of
coordinated simulation, vehicles only exchanged likeditho .0049 units probability mass per second. The use of a gradien
functions, or observed information. They exchanged no iBased planning scheme, that accounts for the full sensoeinod

formation regarding future plans. Figure 5(c) indicateat thallows the vehicle to fly a path that captures this oddly sHape
cooperation yielded a significant advantage over a coot@ihaprior distribution.

solution. For 100 seconds of searching, the cooperative sol The system was also tested for cooperative search with two
tion yield a probability of detection of %90, compared t0 %6§rcraft. Figure 8 illustrates trajectories for the coaise

in the non-cooperative case. search flight. The vehicles were effective in searching tiw p
distribution.
VII. EXPERIMENTAL RESULTS For the first half of the experiment, the area was searched

Flight experiments were performed at Camp Roberts, G& a rate of .009 units of probability mass per second, nearly
in January 2008. A series of missions were flown to searélguble the rate of the single plane flight. Figure 8(a) iHatsis
for and localize a target. Initially, a single plane was ysethe problem of cooperative planning with different horigon
cooperative flights with two aircraft were also flown. Expern this figure, UAV 1 is planning to search an area slightly
iments were performed with and without targets, to evalua@ead of where UAV 2 is planning to search. This poor
both search and localization performance. performance is due to planning on different horizons, argl ha

The aircraft was tasked to localize a target with a pridteen addressed in [3]. Fortunately, as the flight progretises
probability distribution contained to a small area, shown ivehicles plan to the same horizon and converge on a better
Fig. 6(a). For this flight, a 15 second planning horizon wadan, as seen in Figure 8(b).
specified, discretized at one second intervals. If the bimlels  The system was also tested for cooperative localization
was not reached within the initial 15 second horizon, theerformance. In this case, an actual target was used. Figure
discretization was doubled, leading to a thirty secondmilagn 9 shows snapshots of the search and localization paths, for
horizon. If the threshold was not reached with a thirty secorm pair of aircraft. UAV 1 was the first to localize the target.
planning horizon, the increasing-horizon planner is used. UAV 2, upon receiving likelihood functions from UAV 1, plans
this experiment, the gradient-based planning horizon wag | a path to the target as well, and further localizes the target
enough to ensure that the gradient based scheme was Usa@adamentally, search and localization are differentaibjes;
almost through the entire experiment. The scheme switchagure 9 indicate the effectiveness of a single framework fo
between a discretization of one second, as in Fig. 6(b), abdth objectives. Examination of an entropy plot, Fig. 9(d),
two seconds, as in 6(a). Examination of the final plot indisatindicates that the primary entropy drop comes, not surpris-
that a cloverleaf pattern emerges from this control schemegly, from the initial detection of the target by UAV 1. The
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Fig. 8. Vehicle trajectories and target distribution atimas times for cooperative search flight.
information gain from the second UAV, at= 148, is relatively CONCLUSION

trivial, though it does contribute to better localization. Flight experiments have demonstrated the capability for

unmanned vehicles to perform autonomous search and local-

Localization error in this case was 2.9 meters. The finglation in a cooperative setting, using receding horizoth pa
posterior distribution contained all probability mass omeo planning. This work is unique in that the effect of sensing,
grid, indicating 30 ellipse of 18.97 meters, which is therepresented by the full sensor model, is directly incorfemta
minimum possible covariance for these grid parameterst Pgsio the control scheme, in a cooperative framework. The use
processing, with a finer grid, yielded an error of 1.5 meterspf 3 variable planning horizon allows for a wide variety of

missions to be performed.

In this case, the trajectories generated for target seaeth w Many receding-horizon strategies have been proposed that
not the most efficient; however, the vehicles were succkssfuplan only a single step into the future. This work shows
effectively localizing the target. For this flight, a plangihori- that, for systems with constrained sensor footprints, iRstéfp
zon of eight seconds was used, with three second re-plannpignning is important, and in some cases necessary, for good
intervals. Significantly better results might be obtaingd bperformance. Even within this work, planning horizon issue
using a longer planning horizon, such as in the single-afircr greatly affected system performance. The use of a variable
localization example. planning horizon strategy allows for this system to account



IEEE ROBOTICS AND AUTOMATION MAGAZINE - DRAFT, VOL. **, NO. **, JUNE 2009 8

1000 1000 1000
UAV 1 position
ririn UAV 2 position —
800 800 800 . Planned Path Entropy of Target P(X)\
¥ True Target
E 600 E 600 E 600 RSESTT 0.0
S S S B ' 2
8 400 —_— 8 400 8 400; o % 0.05
> x{ > > L
200 200 200 0.04
0 0 0 f
0 500 1000 0 500 1000 0 500 1000 140 150 160
X position, m X position, m X position, m Time, seconds
(@ t=31 (b) t =58 (c)t=164 (d) Entropy
Fig. 9. Vehicle trajectories and target distribution focdtization flight.
for both search and localization problems. [8] B. Grocholsky, J. Keller, V. Kumar, and G. Pappas, “Casige air

B osin ath planning as a trajiectory optimization prob- and ground surveillance,Robotics and Automation Magazine, |EEE
yPp 9p P 9 . yop p vol. 13, no. 3, pp. 16-25, Sept. 2006.
lem, a general control framework has been developed. Itris Ofb] D. T. Cole, A. H. Goktogan, and S. Sukkarieh, “The demuatiin of

hope that this structure can be applied to many differeresyp  a cooperative control architecture for UAV teams,” Roceedings of

; inla. ; i the 10th International Symposium on Experimental Robofis de
of sensing problems, such as multiple-moving target tragki Janeiro, Bragil, June 2006,

using MI as an objective function. A change in applicatio[lo] J. A Ross, B. R. Geiger, G. L. Sinsley, J. F. Horn, L. Nngoand A. F.

would simply require different filtering procedures andeabj Niessner, “Vision-based target geolocation and optimavesliance on

tive functions: much of the basic structure could remain the @nunmanned aerial vehicle,” IAA Guidance, Navigation and Control
. ' . . Conference 2008.

same. With respect to sensing, we hF)pe to mcqrporate SO L. E. Dubins, “On curves of minimal length with a constiaon

measure of ground clutter in the likelihood function. Omeli average curvature and with prescribed initial and termiusitions and

modification of the likelihood, to account for trees, andesth ___ tangents,/American Journal of Mathematicsol. 79, pp. 497-516, 1976.
F. Bourgault, T. Furukawa, and H. Durrant-Whyte, “Opdil search for a

. 12]

environmental features, would better account for many ef tll' lost target in a Bayesian world,” iRroc. Int. Conf. on Field and Service

real-world problems such a system would encounter. Lagtly,  Robotics 2003.

more scalable structure for data fusion is being developed.[!3! G- Mathews, H. Durrant-Whyte, F. Bourgault, and T. Fawa, “De-

centralised asynchronous optimisation and team decisiaking,” in

IEEE Conference on Decision and Contréltlanta, 2007.
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sis, Massachussetts Institute of Technology, 2007.
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