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Mobile Target Tracking by Networked Uninhabited Autonomous
Vehicles via Hospitability Maps

Shreecharan Kanchanavally, R&®rdbfiez and Jeff Layne

Abstract— An air vehicle detects a target at some position of planning planar trajectories to a goal constrained by no-
using its own sensor but delays attack. While the target is fly areas, or obstacles, and aircraft dynamics were proposed

detected the air vehicle takes several looks at the target in in 111 12 A generalized multi-vehicle formation _
order to classify it. Once the classification of the target is done [1], [2], [3]. A generalized multi-vehicle formation sta

the same air vehicle or another vehicle attacks it. During the bilizatipn pr.oblem, free from a Ieaqler-follower arChiteCtu_re
process of classification the target has moved from its initial 1S defined in [4] and model predictive control (MPC) is

location. Since the target has moved away where should the applied.

UAVs look for it? This is a prediction and a search problem. Game theory based cooperative decision making for

Prediction uses the past information and search looks for i : . .
the target in the predicted locations. As time increases the multi-vehicle include [5], [6] and [7]. Moreover, graph the

difference between prediction and search becomes blurrier. O_ry 1S als_o_ gmployed eXt?nS'Vely In mu't"veh'.de Coordma'
Therefore the research objective now becomes more challeng- tion. A disjoint path algorithm for reconfiguration of multi-

ing. We need to explore innovative modeling and estimation vehicle was proposed in [8]. A class of triangulated graphs
techniques that result in more robust estimation and more for algebraic representation of formations are introduced to

robustness to model uncertainties. We can rely on terrain ; e ;
o ; S specify a mission cost for a group of vehicles [9], then the
based state prediction to determine the likelihood of the new pecify group []

target position, but the probability density function (pdf) of Obt_ained optimal control problem is solved using NTG (an
the target position will propagate, as the target moves. The Optimal control program developed at Caltech). A double-
propagation of the pdf for the target position can be non- graph model is used in [10] to treat the string stability as
linear, non-Gaussian, and terrain dependent. The effects of g kind of performance of multi-vehicle system with acyclic

such terrains are captured by something called Hospitability o mation structures. Moreover, a theoretical explanation
maps. A hospitability map provides a likelihood or a “weight” ’

for each point on the terrain's surface for the target to move ©f USINg nearest neighbor rules in coordinating groups
and maneuver at that location. We introduce the idea of a time  Of mobile autonomous agents can be found in [11]. The

varying Hospitability map by making the vehicles searching problem of tracking mobile targets using neural network

for the targets part of it. directed Bayes decision rule has been dealt effectively in
[12] and [13].
I. INTRODUCTION This paper is organized as follows. The next section be-

ins with the formulation of our research problem, followed

(UAVs) able to adaptively react to their environment an y development of mathematical model to study the distri-

learn about their surroundings while following either an ution of probability density function using Fokker Planck

individual or a communal agenda is an intriguing issue. Thgquanon. Surrogate optimization [14], [15] is applied to the

problem of multi-vehicle coordination and control has beerc]ooperatwe search problem and a specific implementation

receiving an extraordinary amount of attention during thgf the PPP algorithm [20] along with information of the H-

) e - maps for tracking mobile targets is discussed in Section IV.

past few years due to its critical importance for a mynadl. . ;

of applications here, Monte Carlo simulations are used to compare these
) proposed schemes with exhaustive search and the scalability

Ex(;;tlng:] vyork oln multl—;/ﬁrrclle Ccimr.OI t_focusesth Odn&fPPP algorithm is discussed. Finally, Section VI concludes
receding-horizon planning (that is, optimization methods e paper and discusses future work.

and hierarchical structures. The research reported in this
paper benefits from previous work that follows the first [l. PROBLEM STATEMENT
approach. A receding horizon trajectory planner based on
Mixed Integer-Linear Programming (MILP) that is capablea

The idea of multiple uninhabited autonomous vehiclecé

Here we consider the following situation: an uninhabited
utonomous air vehicle (UAV) detects a target using its own
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information (similar to the Kalman filter technique) and thewhereP(Ax, At) is the probability that the target will move
search looks for the target in the predicted locations. Aa distanceAz in time A¢. Expanding the above integral
time increases the difference between prediction and seangsing a Taylor series we get

becomes blurrier. Therefore the research objective now P 52
becomes more challenging. We need to design and explore p(z, ¢t 4+ At) g/ [p(a:,t) AP + }szi} >
innovative modeling techniques that use both prediction and dr 2 Ox?

search simultaneously or alternately. P(Az, At)dAz )

. B?‘?ause the _t|_me separgtl_on be_tween two looks may t%‘?nceP is a probability density function we have
significant, traditional prediction simply based on historic
kinematic information will not work. The target kinematics
information is diluted quickly as the radius of the possible
target location starting at the first look increases. Howeveéimilarl
the previous kinematics at least provides a center location y
for the possible target location. /AxP(Aaj, At)dAz =0

One possible approach is to rely on terrain based state
prediction to determine the likelihood of the new targesince it is an average jump, and the variance over a time
position. The effects of terrain are captured by somethinigiterval At is
known as a hospitability map as explained in [17], [18], ) )
[19]. A hospitability map provides a likelihood or a weight /Aﬂ? P(Az, At)dAz = 0" At
for each point on the terrain surface proportional to the
ability of a target to move and maneuver at that locatiorf=0mbining the above result we obtain
A high hospitability map value denotes that a target can 9 1 .02

h . i P 207p

move and maneuver quickly over the corresponding terrain. plx,t+ At) — p(x,t) = At = —o ﬁAt

1OVE JUICEL >SS T ot 2
Likewise, a low hospitability map value indicates that a

target cannot easily move over that terrain. The followind NiS iS correct to ordeAt so by letting this interval become
factors are considered in deriving the hospitability valuesmall we conclude that the density obeys the equation

/P(Ax, At)dAz =1

slope, surface roughness, transportation, geology, landform, dp 1 ,0%
soil, vegetation, hydrology, urban areas and climate. 9%~ 27 922 3)
Ill. A PPROACH ANDMODELING Equation (3) represents the Fokker Planck equation in

In this paper the ground state of the system is foun@dne dimension case. Extending the case to two dimension
by modeling a diffusion process. We use Fokker-Planc&nalysis, with the assumption that the diffusion process is
equation and Brownian motion process for modeling.  both in thez and y directions and the Brownian process

I . . ) given by
A. Derivation of Fokker-Planck Equation Using Wiener
Process dz ~ VdtN(0,1)
We assume that the sensor of the UAV returns nothing dy ~ VdtN(0,1)

other than the position of the target and hence we cannot N _ o o
make any assumptions of its velocity and heading. The bette probability density function is given a by partial differ-
we can do is model the target movement as a diffusion prential equation

cess in all directions following a Wiener process. Consider 2 a2 2 a9

. ) ; . ; . : Op o2 0%p 0, 0%

first the one dimensional case in which the target is moving = = a5+t 472 4)

only in one direction (we shall later extend the discussion ot 2 0 2 0y

to the two dimensional case) where we have Equation (4) represents the Fokker Planck equation for the

da ~ \/@N(O, 1) two dimensional case.

wheredz is the white Brownian motion process is the B. Solution of Fokker-Planck Equation

time increment andv (0, 1) ia a normally distributed ran-  Thjs section is mainly concerned with the solution of the
dom variable. Lefo(z,¢) represent the probability density Fokker-Planck equation (4). One way of finding the solution
of the target at time!. Once a UAV detects a target thistg such differential equations is using a finite difference

we can depICt the eVOIUtion Q;f(a:,t) W|th t|me as a I’esult Space Variab'es are discretized SUCh that
of random motion of the target. The equation of change in

p(z,t) over a timeAt is r = ilAx 1=0,1,2,...,m
o y = JjAy J=0,12,....m
plx, t+ At) = /_OO plx — Ax, t)P(Ax, At)dAz(1) ¢ LA k=0,1.2.....m
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Let p(i, j, k) represent the value of the probability density at
(iAz, jAy, kAt) respectively. The solution of (4) is given
by

2

Pi,j.k+1 — Pijk o
: At ’ :2(A2,)2 {pi—l,j,k’ - 2Pi,j,k + pi+17j,k}
o2
+ 75,2 {pm’—lak —2pijk + Pi,j+1,k}
2(Ay) ) @) (b)

Fig. 1. Pictorial view of an H-map region. a) With two roads intersecting.
b) With three roads intersecting

solving for p; ; x+1 We get
o2
Pi,jk+1 =Pigk T At(m [pifl,j,k —2pi ik + pi+1,j7k} B. H-maps Applied to PPP Algorithm

o2 Consider a simple case of an H-map as shown in Figure
+ %Tl;)g[pi,jfl,k = 2pijk +pi,j+1,kD (6) 1. The square region represents the search area of the
networked UAVs. The red color region on this square area
The above solution is valid for the rectangular regibR.  represents a road network present in the search area. If a
rz < aand0 < y < b and also under the assumption thatmobile target is found any where in this search area, we

the initial probability density is known. assume the only possible way it can take during its motion
is the red color region. The important issues to be discussed
C. Hospitability Maps as Measurement here are the sensor information given by the UAV on the

Once the propagation of probability density function forH-maps and \_/vhen Is this method appllcgble. .
For convenience, we concentrate on discrete time models

the target location is done we apply the hospitablity map (H- ., ) . . L

L . . within a two-dimensional plane, since the setup fits nicely

map) at every time instance to constrain the pdf pr()pagm'%‘nhin the simulation environment. We assume whatever

to the regions of higher hospitability. This is done by the . . . ' .

: : constraints exist for vehicles to be not dynamic, but rather

following update equation . . ; . .

kinematic in favor of focusing on high-level mechanisms

P i 7 originating from the group of vehicles. We will assume there
Pijm = Pijmtlig (M) arem vehicles and that the" one obeys a discrete time

where the “-” is used to denote the not yet updated pdf anlﬁnematlc model given by
v, (k) + dcos(8},(k))
i k 3

“+” is used to denote the updated pdfjs a normalizing xil(k +1) ==z
xZJQ(k: +1) = a3, (k) + dsin(0,,(k))

constant andH; ; is the i*", j** cell of the hospitability

map. This updated pdf is used in the propagating to the : ; ;

next time instance. 0y (k +1) = 0,,(k) + fo, (u'(k)) (8)
wherek is the discrete time index taking values in the non-

negative integerg0,1,2,...} (k also denotes the number
of search steps)r, andz;,6 are, respectively, the two
A. The PPP Search Algorithm Cartesian coordinates af” vehicle; d is a constant step

size; 0! is the orientation of theé'" vehicle; f,, can be a

In this section we apply the H-maps concept developeghnjinear function encoding kinematic restrictions on the

to the Past Present and Predicted Future (PPP) seafglhicies: and.i is the local controller corresponding to the

algorithm described in [16]. To briefly summarize, the;tr \eahicle. For convenience. leti — [zi 2?17, and
PPP search algorithm is a cooperative search method via _ (27 )T 01]T o v el
surrogate optimization. Surrogate optimization [14], [15] is * AT

dient-based i . thod th tAssume that the networked UAV has prior information of
a non-gradient-based noniinéar programming method thaf, target location and the geographical conditions existing

optimizes a function that serves as a surrogate for tnweear the target, in particular the H-maps, through a global

Oﬁje(t:t';/ﬁ Egglon tghs actual fu?hctlotr;] to mlpltmlze). tln .o?itioning satellite or another vehicle. Let the search area
short, the method assumes that there exists a potenfialy |, ., rectangular map with four UAVs placed at four

like filed where, to each target corresponds a Gaussian pe%mers of the rectangle prior to the sedrclihe target

If we call this field M, the method performs maximization environment can be modeled as a two dimensional plane,

gzrrlgg;g ]\c{ptki)riiztggo?]bjfrftlt\;]?sflﬁgzﬁgrIntrfgesﬁ?rgtge;;em the upper right quadrant of a cartesian coordinate system
. ’ o ST with axis .We assume to have two types of prior
that is formed based on the UAV sensor information is an (@1, 22) yp P

approximation of the r_eal_ mapf, Whe_re finding each peak  1note that the method does not require this initial vehicle arrangement
then corresponds to finding the static targets. to function, and we do so simply for convenience.

IV. H-MAPS WHENAPPLIED TOPPP &ARCH
ALGORITHM

5572



information about the target, in order to handle the static
and mobile cases separately. We may set up a Gaussian j
profile map which is known to all vehicles to represent static
targets. The Gaussian profile encodes the possible target
locationsz = [z%,,2%,]T, i = 1,...,n offered by the
prior information as centers of Gaussian peaks where we
assume to know the numberof the static targets,

i x —xi 2+ x —xi 2
My(x1, 2, k) :Zciexp[( ! 1) vz( 2 2) }
i=1 i o0 |0
9)
6=0
We encode the uncertainty of the prior information with the X | B 0
peak widthv;, and the distance of the real (but unknown)
target position of the center of the peak in termsuof o0 O
Furthermore, we can intentionally encode the priority level
of each target as the height of each peak. Thereby, we (c)

expect the vehicles to find the most important _tar_get fw_%gl 2. () Prior information map, (b) Real target map (c) Cell based
and the whole search performance should coincide withap assumptions.

the uncertainty level about the prior information. All the

vehicles are provided with sensors which sample a real

target mapM; (z1, z2)(Figure 2 (b)) given by communication distance, i.e., we assume perfect communi-
n} cation. These assumptions together with further ones made
’ for the Monte Carlo simulation will be used throughout
this paper. Note that this is not a centralized coordination
scheme, since if non-ideal communication were considered,
where{[z!,, %] T;i = 1,...,n} is the set of: static target €ach vehicle would have its own version &f! and would
positions and can only obtain two kinds of information: 0@ct upon it, sharing as much information as allowed by the
which means no target, and 1, means the vehicle foundcgmmunication Channel. The IeVeI Of COOI’dil’latiOI’l inCI’eaSES
target. In addition we assume there is only one mobile targ@f the quality of the communication channel improves.
initially located somewhere in the area of high hospitability, All the vehicles in the search area are provided with the
and we assume to have probabilistic information about thigformation of H-map,H (1, z2)

target in the form of a probability density function. Such -

information could be easily obtained by, e.g., assuming that H (w1, 1) = { ¢, [z1, 2] TE Rd (11)
initially the target locations normally distributed, with the 0, [z1,22] € B

variance equal to the sensor uncertainty and the mean Setv&ﬁereRd represents the the red color regiomsrepresents

the location of the most recent target sighting. We discretizt%e blue color region in the Figure 1 ard> 0 represents

not only the vehicle’s movement, but also the proposed MaRe magnitude of hospitability. As the UAVs start searching

as shown in Figure 2 (). We will let the vehicles move frorT}or the targets the pdf of the mobile target starts expanding.

cell to cell (i.e., the center of one cell to another) rather th o . o .
move along a smooth curve, and therefore we will star he probability density distribution/,, is_propagated

. . . . sing (6). Each vehicle can update the prior information
with the assumption that all vehicles move with constan _ . . C
o . . ap (9) with its collected sensor information at time index
speed and in discrete time index. Also we assume th

maximum turn angles are135 degrees, i.e.fy, becomes a
saturation function. Figure 2 (c) illustrates these points: theM ( k _ )

. . . . , P T1,T2, +1) —M (Il,l’Q,k) MS(I17I’2,]€)+
triangle in the middle cell represents the vehicle’s current 1
position with its orientatio,, = 0; with the assumptions of —Mpq(z1, 22,k + 1) - My(z1, 22, k)
constant speed and discrete time index, the vehicle will only ¢ (12)
move one cell each time index; and with the assumption of
maximum angles of turn, the vehicle will only have severwhere ** means element-wise multiplication for matrices
possible cells to go, which are denoted by the circles, anghd M, (z,y, k) is called sensor matrix, which encodes the
the cross denotes the cell which the vehicle cannot visiurrent time’s sensor information and is defined as follows.
sinced,, = 0. Moreover, we ignore the difference betweerLet S, = {[z} (k),2% (k)]"} then
diagonal step size with vertical or horizontal step size, all
denoted asi for convenience. The inter-vehicle commu- { My(zi (k), 2% (k), [z1,22]" € S

1 [t e{[x] 2] Ti=1,. .
Mi(z1,22) = { 0, otlhervleise
(10)

e . ) T, %9, k) = .
nications are instantaneous, noiseless and have unbouné\gﬂ( 1,22, k) otherwise

3
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M, (z1,z2) is defined as location it does not find the target there since it has moved.
It then searches at the highest probable point in the H-map
During its search the UAV senses for the mobile target, and
(13) if not found it reduces the H-map toat that instance, and
then resets to its previous value as it continues searching.
where ¢ is a small value but not equal to zero. In thisThis process of searching for the highest probability point
manner, the H-map changes with time by making the UA\¢ontinues until target is found.
location into regions of low hospitability. This allows us As stated earlier the UAVs have a priori information
to correctly propagaté/,; and keep its integrity as a pdf. of the initial target location in the form of the pdf/,,.
More importantly, regions visited by UAV do not remainin Figure 4 a UAV, is assigned the task of tracking and
with a zero probability of the mobile target being therekilling the moving target. Figure 4 shows the path taken
forever. Instead, this probability increases after the UAVs
move else where.

€, [$1,$2}T € {[%J%?]T}

My (z1,22) = { H(xy,25), otherwise

V. SIMULATION RESULTS

Assume that a target is located at the middle of the
junction shown in Figure 1 a). The experimental set up
contains four UAVs initially placed at the corner of the
rectangular search map. Figure 3 shows the propagation of
probability density function and the zeroing of the pdf at
time T = 20, 40, 60 andT = 80 seconds. Fig. 4. Path of the UAV

The propagation of the pdf is along the Hospitability
map (shown in Figure 1) as expected. The spread of thy the UAVs. After a time interval of 28 seconds one of
probability density function is similar to the prediction thatthe UAVs in this casd/ AV, reaches the initial position of

a human being could make, but in an automated mannerthe target but could not find it there. Rather than SearChing
through the entire map it starts searching only within the

region where the target has the capability to move. This is
shown in Figure 4. The other three UAV's are in so-called
drive search [20] mode and continuously searching for static
targets. This behavior seems to be very natural and sensible
from a human point of view. However, the UAV must be
able to do it autonomously.

Monte Carlo simulations were run for different numbers
of UAVs in so called converging mode [20], for different
physical parameters and complexity of H-maps. These re-
sults are compared with exhaustive search where we assume
to haven = 0 static targets in order to specifically assess the
methods goodness in finding mobile targets. The simulation
was run for the road map shown in Figure 1(b) with the
target placed at the junction of the roadway. In each test a
target is placed randomly at this intersection, and the target
moves in a random direction but the motion is continuous.
c) t=60 seconds d) t=80 seconds The first column in Table explains the total number of UAVs

a) t=20 seconds b) t=40 seconds

Fig. 3. Simulation results in H-map region for different time instances

No of UAV || Exhaustive search[ PPP algorithm
. . . . 1 T=65.16, P=52% | 1=48.41,P=74%
The working of this scenario can be explained as follows. 7 T=16.76, P=86% | T=29.83 P=84%
With the target initial location known, the nearest UAV to 3 T=8.174,P=100% | 1=20.39, P=94%
the target, reaches the target. During its motion if the UAV TABLE |
enters the H-map region it restrict its search only in thiswirh 4 UAVS, 1-TARGET AND WIDTH OF ROADWAY EQUAL TO ONE
region and at the same time if a target is not found it SENSOR FOOTPRINT

reduces the H-map toat that instance, thereby lowering the

probability of finding the target there. This generalization

can be valid since we are considering that the target moves convergence mode(the total number of UAVsnis= 4

at a much smaller velocity when compared to the UAVIn all cases). Note that UAV not in convergence mode can
It is assumed the target moves at one tenth the velocibe thought of as searching for static targets, therefore not
of the UAV. Once it reaches the presumed target initiatontributing to find a mobile target. The second column
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shows the average time taken to find the target(in

points of low hospitability, and extend the PPP search

number of steps), and the probability of finding the targetlgorithm to deal with not only static, but also mobile

P, computed asP =

2, where N = 50 is the total

targets. Monte Carlo simulations indicate that the overall

number of trials andS is the number of successful trials. scheme performs well, in particular when compared with
when exhaustive search was used. The third column showscoordinated exhaustive search.

the average time taken and the percentage of targets found
when PPP algorithm was used to detect moving targets. In
this case the width of the H-map is equal to one sensof!]
footprint. Note that in this case exhaustive search performs

better when two or three UAVs are in converging mode (in[2]
this case, searching exhaustively), since it quickly covers

almost the entire possible route taken by the targets. But
as the complexity increases this may not be true as showpg]
in Table II. The first, second and third columns represent

No of UAV ]| Exhaustive search PPP algorithm 4]

1 T=269.64,P=34% | T=184.65,P=62%
2 T=188.52,P=68% | 1T=115.12,P=74% [5]

3 T=105.3, P=76% T=79.23,P=88%
TABLE Il [6]

WITH 4 UAV'S, 1-TARGET AND WIDTH OF ROADWAY EQUAL TO 4

TIMES SENSOR FOOTPRINT 7
7

the same information as explained in Table | with the only|g
difference being that the width of the roads in the H-map is
four times the size of the sensor footprint. From the resultﬁgl
the following conclusions can be made

1)

2)

3)

4)

5)

The greater the width and complexity of the H-map
the greater is the time taken by the UAVs to searcl[llol
and track the mobile targets.

The more the number of UAVs in converging modd11l
the less is the time taken to track a mobile target.

The smaller the velocity of the target when compared
to that of UAV, the less the time taken to track thell2]
mobile target.

Notice that with one of the UAVs in the converging[13]
mode, the average time taken by UAVs in PPP search
algorithm is 33.46% less than that of UAVSs in ex-[14
haustive search, and also the probability of finding the
target in PPP search algorithm is twice the probabilit){15]
of finding the targets in exhaustive search.

In the remaining two cases (when two or three UAVs
are in converging mode) the average time taken bi}6l
UAVs in PPP search algorithm is approximately 30%
less than that of UAVs in exhaustive search and the
probability of finding the targets in PPP search algofl7]
rithm is 10% greater than the probability of finding[18]

the targets in exhaustive search.
[19]
VI. CONCLUSION

In this paper we have presented a possible solution to
the problem of tracking mobile targets when only a initaf20]
position is known. To do so, we use hospitability map to
constrain the propagation of a density function denoting the
probability of target location. We introduce time-varying
hospitability maps, which consider the UAV location as
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