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Abstract: This paper addresses the problem of searching and tracking of an a priori unknown
number of targets spread over some geographical area using a fleet of UAVs. State perturbations
and measurement noises are assumed to belong to bounded sets. In the monitored geographical
area, some decoys may be erroneously considered as targets when observed under specific
conditions.

A robust bounded-error estimation approach is proposed to evaluate, at each time step, sets
guaranteed to contain the actual state of already localized true targets and decoys. A set
containing the states of targets still to be discovered is also evaluated. These sets are used
to determine the control inputs of UAVs so as to minimize the estimation uncertainty at future
time steps.

Simulations involving several UAVs show that the proposed robust set-membership estimator is
able to estimate the state of all actual targets and to efficiently identify and eliminate decoys.
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1. INTRODUCTION

Searching, detecting, and tracking mobile targets over
some potentially large domain is a challenging task which
can be addressed efficiently by cooperative agents such
as fleets of UAVs, see Robin and Lacroix (2016); Khan
et al. (2018). The search process, whereby the fleet collects
and processes observations, is usually based on the use
of probabilistic information. Various methods have been
developed to determine the search strategy using optimal
flight path design as in Moon (2008), using distributed
model predictive control, see Yao et al. (2016), or using
game-theoretic approaches, see Li and Duan (2017).

The efficiency of the selected strategy depends tightly on
the availability, quality, and reliability of the information
collected by UAVs. A target can be detected when a
measurement of its state is available at a given UAV.
The quality of the collected measurement determines the
accuracy with which the target is localized. Measurement
perturbation is mainly modelled as an additive noise,
usually assumed to be a zero-mean Gaussian process. Its
variance translates the quality and availability of the mea-
surement, e.g., the variance becomes very large when the
range is above a given threshold, see Hu et al. (2014). As
pointed out in Gu et al. (2015), the resulting performance
may prove sensitive to the a priori assumptions on the
probability density functions (pdfs) describing the process
and measurement noises.

To overcome this issue, a set-membership description of
uncertainties is suggested in Gu et al. (2015) or Drevelle
et al. (2013). The only assumption made on the noises
and uncertainties is that their realizations remain within
known bounds. Using this description, one no longer
searches for a single point estimate associated with a
posterior density function but for sets guaranteed to
contain the target states at each time step. Such an
approach has been applied to cooperative guidance of a
fleet of UAVs for target searching in Reynaud et al. (2018),
and in Reboul et al. (2019), this former including the
presence of obstacles in the field of target displacements.

The last origin of discrepancy of the collected information
is the reliability of the measurements. A detected object
may not necessarily correspond to a target. Several ap-
proaches have been considered to model the uncertainty
on the decision of considering a detected object as a target.
Several authors, see, e.g., Bar-Shalom et al. (2011), intro-
duce a false alarm probability to account for the imperfect
processing of the information acquired by sensors. Another
possibility consists in considering the presence of decoys,
i.e., static elements of environment (rocks, bushes, etc.)
that can be considered as a true target when seen from
a specific point of view. For example, Flint et al. (2004)
introduces a Bayesian process for cooperative search when
the sensors embedded on the UAVs are not able to de-
termine whether a detected target is real or not. In He
et al. (2017), random finite set probability density is used
to model either the target-generated observation or false
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alarms. An interactive multi-model filter is then used to
estimate the modes of the measured objects.

In this paper, we assume that each UAV is equipped
with a sensor able to detect and localize targets in some
compact subset of the search area. Contrary to Reynaud
et al. (2018) and Reboul et al. (2019), one considers here
the presence of several static decoys which could be er-
roneously interpreted as a true target under specific ob-
servation conditions. A distributed robust set-membership
estimator is used to determine subsets where the targets
may be located and subsets which are guaranteed to con-
tain no target. A control input for each UAV is derived by
predicting the impact of future measurements on the set
estimates of target states using information provided by
communicating neighbours. The control inputs minimizing
the estimation uncertainty is determined using gradient
search.

The paper is organized as follows. Section 2 describes the
multi-target multi-UAV localization problem. Section 3
presents a distributed estimator that recursively provides
sets that are guaranteed to contain the state of either
true targets or decoys. Section 4 presents a control input
design scheme to drive each UAV so as to minimize some
measure of the estimation uncertainty. In Section 5, the
set-membership estimator and the control input design al-
gorithms are evaluated on simulations. Section 6 concludes
this paper.

2. PROBLEM FORMULATION

Consider a fleet of N, identical UAVs which aim is to
search and track N; potentially moving targets within
some limited geographical area. The environment of the
UAVs is cluttered with Ny decoys, each of which may be
erroneously interpreted as a target when observed under
specific conditions. Ny and Ny are constant but not known
a priori.

2.1 UAV and target states

Time is assumed to be sampled with a constant period
T. At time k (time instant ¢ = KT), let x}'; € R"™ be
the state vector of UAV i, X;»,k € R™ the state vector of

target j, and xj},k € R™ the state vector of decoys ¢. The
evolution with time of the state of UAVs and true targets
is modelled as

X;‘J,k+1 =1 (X;l,kvui,k) (1)
and

X k1 = £ (%54 Vi) | (2)
where u; ;, is the control input for UAV 4, to be chosen
in a set U of admissible control inputs; v;; are unknown
target state perturbations belonging to the known box [v].
In this paper, one assumes that the decoys are static, thus:

d d
Xpk+1 = X0 k- (3)
An extension to moving false targets would require the
introduction of a dynamical model for the decoys similar
to (2).
At time k£ = 0, all X;,o and x?’o are assumed to belong

to some a priori known compact set Xo C R™. Moreover,
one assumes that x} i € Xp for all £ > 0.
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Fig. 1. Projection of the 2D plane (z1,x2) of the search
area, of the state of true targets x;, (filled circles)
and decoys x?,  (empty circles); the projection of the

conic subspace within which UAVs may be confused
with decoys is also represented in gray.

2.2 Measurements

Each UAV is equipped with a sensor able to observe
a subset of the target state space Xy and to acquire
information on targets belonging to this subset. For a given
value x}'; of the state of UAV 4, the observed subset (field-
of-view) is denoted as F;(x};) C R™. From the analysis
of Fi(x}';) at time k, one assumes that UAV i is able to
get a list D; j, of indices of detected targets, i.e.,

X;',k e, (X;l,k) =j € Di,k~ (4)
Each decoy is confused with one of the IV; true targets. For
each decoy of index £ = 1,..., Ng, the index j (£) € [1, Ny]
of the true target with which it is confused is assumed to
be constant. When a decoy is present in the field-of-view
xd e F; (x; 1), one assumes that it is only detected when
some additional observation condition is satisfied, i.e.,

X?,k cF; (x';k) and g; ¢ (sz,xgk) >0=j(¢) € D
5
The UAVs are not aware of the structure of g; ,. Tghg
function gi)g(xﬁk,xi,{) > 0 indicates, for example, that
the ¢-th object is confused with target j(¢) only if it is
observed from specific points of view belonging to some
polyhedral cone whose apex is x?ﬁ k

Fig. 1 illustrates the 2D projection of the search space, as
well as the projection of the state of true targets x} ;. (filled
circles) and of decoys x?’  (empty circles). The projection
of the cones, defined by g; ¢, in which the UAVs may be
confused by decoys is represented in gray.

For each (true) target j € D, 1, a noisy observation of the
state x5, is obtained as

Yij ke = hy (Xlil,kvxg',k) + Wik, (6)
where h; is the observation equation of UAV i and w; j &
represents some measurement noise, bounded in some
known box [w]. When a decoy with state x§ is detected,
a similar observation equation is obtained

Yijon =hi (X1, x8) + w0k (7)

where wdi, j(0),k 18 again some measurement noise, bounded
in some known box [w]. As many observations y; ; » as true
targets or decoys present in F;(x}',) are obtained.
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2.8 Communications

When two UAVs with indexes i1 and i3 come in vicinity,
they are able to exchange their respective information.
Assume that the communication topology of the fleet at
time k is described by an undirected graph Gy = (N, &).
Na = {1,2,..., N} is the set of nodes and &, C Ny x Ny
the set of edges of the network at time k. The set of
neighbours of UAV ¢ at time k is N = {j € Ny (i,)) €
Ek, © # j}. When (4,j) € &, then UAVs ¢ and j are able
to communicate without delay and without error. When
(1,4) ¢ &k, then UAVs ¢ and j are unable to communicate.

2.4 FEstimates

I; » gathers the information available to UAV i at time
k. From I; ;,, UAV ¢ is able to evaluate L;, the list of
indices of true targets or decoys already detected or which
presence has been signaled by an other UAV of the fleet
to UAV 4. [ 1 is used to evaluate a list of set estimates
Xip = {Xivjvk}jeﬁi,k containing the state values of the
already detected true targets or decoys. X, ;; contains
all possible values of x;’k that are consistent with the
information available to UAV i at time k. If some decoys
with index j(¢) = j has been detected, X; ;; may not
necessarily contain x - Finally, UAV i also maintains a

set X; 5 containing the possible state values of true targets
not yet detected.

2.5 Fuvaluation of the estimation uncertainty

To quantify the estimation uncertainty, one has to account
for the set estimates of the already detected targets as well
as for X . The estimation uncertainty for UAV ¢ is defined
as follows

[0} (Xi,k,Xi,k) J k + Ao ( )

max{l |L;,

JEL; K

where ¢ (X ;) represents the volume of the set Xj 1,
|£; k| is the cardinal number of L£;;, and X\ is some
parameter to adjust the relative importance of the average
state estimation uncertainty of detected targets and of not
yet detected targets. The estimation uncertainty for the
fleet at time k is obtained as

Z@ ks X (8)

which corresponds to the average estimation uncertainty
among all UAVs. In Section 4, the sequence of control
inputs for each UAV is evaluated so as to minimize the
estimation uncertainty ®; for each k.

3. SET ESTIMATES FOR A GIVEN UAV

This section describes the evolution with time of the set
estimates £; 1, X, and XZ r managed by a given UAV 3.
These estimates are evaluated considering a generalization
of the nonlinear recursive set-membership state estimator
introduced in Kieffer et al. (2002). As the classical Kalman
filter, it alternates prediction and correction steps. For the
initialization, at time k = 0, one has £;9 = 0, X; 0 = 0,
ande =Xp fori=1,..., Ny
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8.1 Prediction step

Assume that at time k, £; i, &; 1, and Xz L are available
to UAV 4. At time k + 1 without additional information,
the predicted value of Li,k is

L1k = Lik, (9)
since, with the information available at time k, one is
unable to determine whether UAV i will detect new targets
at time k + 1.

For each target considered as detected with index j €
L; k+1k, UAV i has to evaluate the set of possible target
state values at time k+1. For that purpose, two hypotheses
have to be considered. In case of a true target, one has
to determine the set of all target state values that are
consistent with X; ;, with the dynamics (2), and the
bounded state perturbation. In case of a decoy, one has
to account for (3). Consequently,

Xijhriie = B (Xijk, Vi) UXi (10)
= {f;z (X, V) ‘X S va’k,v S [Vk}} U Xi,j,k
The predicted set Xi, k+1|x has to contain all possible state

values of potentially undetected true targets. Since all true
targets evolve according to (2), X; j41)x is evaluated as

Xigr1pk = i (Xig, [vi]) - (11)
3.2 Correction step from measurements

Assume that at time k + 1, UAV ¢ evaluates D; 41 from
the observation of Fi(szH) and, for each j € D; 41, has
access to y; j k+1 obtained using (6). Consequently

(12)

L kt1pprr = Lig U {Di,k+1a {Yi,j,k-f—l}jepiywrl} .

Three cases have to be considered.

Ifj € Dig+1NL; py1jx, Target j has already been detected
and may belong to X, ; x41|x- Nevertheless, due to decoys,
there is no guarantee that X;’,k-t,-l € X ktijk- In fact,
one is only ensured that x, ., € Xj;pp1p U Xi k1l
Now, since j € Dj 41, Target j is observed again at
time & + 1 in F;(xj, ). First, if y; jr+1 corresponds to
a measurement due to a true target, described by (6),
either x% ;1 € Xjjryir NFi(x}), ;) (see Fig. 2a), and
the measurement y; j 11 confirms that x5, | € X j x4 1)k,
or x4 € Xy pyrje NFi(x} ) (see Fig. 2b), evidencing
that measurements that have led to X; ; 14 1) are due to
a decoy. Second, if y; j x4+1 corresponds to a decoy and is
described by (7), then x;k may only belong to X; j j1)x \
Fi(x} 1) or to Xy pyap \ Fi(x}), ) (see Fig. 2c). Since
one is unable to determine whether y; ;j x41 is described
by (6) or by (7), both cases have to be taken into account.
Consequently, one is ensured that X;‘,k belongs either to
the set
Xi g k+1lk+1 = S1 USa US3 (13)

or to . .

X1 = Xpafe \Fi (%3 11) 5 (14)
where

St ={x € X jhr1k | hir1 (X%1,X) € Yijrs1 — [W]}
Sy = {X € Xz’,k+1|k |hii1 (Xﬁkﬂax) € Vijk+1 — W]}7
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Fig. 2. Evaluation of X 1jx+1 and Xi,kﬂ\k—s—l using
Fi(x}'yy1) and xj ;. for an already detected target;
(a) the measurement corresponds to a true target;
(b) the measurement corresponds to a true target but
previous measurements are related to decoy; (¢) the
measurement is due to a decoy; top and bottom
subfigures are respectively before and after accounting
for measurements

and
Ss = (Xijrrn \Fi (Xik11)) -

In (13), S; and Sq are associated to a measurement y; ; x+1
corresponding to a true target. X; ; x 1% and X; 1, are
updated by keeping only the target state values that are
consistent with y; ; x+1, hg41, and the measurement noise
bounds (see Fig. 2a and b). The hypothesis that y; ; x+1
is due to a decoy is taken into account in S3 and (14) to
update the set of target states still to be explored (see
Fig. 2¢).

If j € Dipy1 and j ¢ L; p41)x, & new target has been
detected. Before detection, this new true target or decoy is
only known to belong to X; ;1 1)x- One has also to take into
account the measurement y; ;41 related to this newly
detected target. The set of all values of x§-7 k41 consistent
with Xi,k-s-l\k’ Yijk+1, the measurement equation (6), and
the measurement noise bound [w] is in this case

Xijk+1lk+1 = {X € Xi btk |

hr (X)441,%) € Yigerr — W]} (15)

When j ¢ Djpy1 and j € L; 415, Target j, which was
previously detected, is not observed in IF;(x}'; ;). The set
of all values of X;,k-i-l that are consistent with X ; x4 1%
and that do not belong to F;(x}'; ;) is then

Xi k11 = Xijrtife \Fi(Xigr1)s (16)

where B\ A={x e B|x & A}.

Finally, one has to incorporate in the set of potentially
detected targets the indexes of newly detected targets and
to remove all target indexes j whose set X; jpi1jx41 18
empty

Lips1kr1 = {7 € Ligr1pe U Dkt | X jrgrppsr 0}

When a true target of index j and one or several decoys
confused with the true target of index j are simultaneously
in ]Fl(x;‘k +1), the resulting measurements are processed
independently. The resulting set estimate is the union of
the set estimates obtained for each of these measurements.
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3.8 Correction step from communications

At the end of each time step k, UAV i communi-
cates to its neighbours the sets L; p11x41, Xigt1jp41 =
{Xivjvk““““}jeﬁi,,ﬁukﬂ , and X ;11541 and receives the
corresponding sets from its neighbours. Using this addi-
tional information, UAV ¢ updates its estimates. Thus,
Hi,k+1|k+1 = Hi,k+1|k+1

U {L; k141 Xjprhrt> Xjoprpear - (17)

JENG k41

Among the neighbours N; ;11 of UAV 4, let /\ff;kﬂ be
the subset of neighbours which believe they have detected
target j up to time k£ + 1 and let Wikﬂ be the subset of
neighbours which are sure not to have detected target j
up to time k + 1. For each target j, already potentially
detected by UAV 4, one has either X;7k+1 € X j k+1]k+1 OT

¢ _
X k1 S Xi,k+1|k:+1~ Introduce

Xigmrtperr = Xo \ (Xij a1k Ui kr1jes1)
as the set proved not to contain the state of target j. One
has x5 0 ) & Xijkt1jes1-

Moreover, for all UAVs ¢ € ./\/;.j one has either

KA1
Xj 1 € Xejrerfher O Xjppy € Xy ppapeqr and X5y 0y ¢
Xé,j,k+1|k+1~ Finally, for UAVs ¢ € Nikﬂ, i.e., which
have not yet detected target j, one is sure to have
X§7k+1 € Xpkt1jp+1 and X;',k+1 ¢ Xejrtiorr = Xo '\
X&k+1\k+1' Consequently, upon reception of information
from its neighbours, X; j x4+1 is evaluated by UAV ¢ as

U Xojk1)k+1\ U X ptijks1,  (18)
Zej\/.jwrlu{i} LEN; kr1U{i}

i,

Xijkt1 =

i.e., as the union of all possible state values accounting for
the measurements that have been obtained once target j
has been detected Xy j ji1jp41, £ € Niry1 U {i} deprived
by the union of all sets which have been proved not to
contain target j at time k + 1.

Using similar arguments, for each target j which has not
yet been detected by UAV 4, X; ; 141 is evaluated as

Xijhe1 = U X gkt1lk+1 \ U Xokt1je1-  (19)
LeN? LEN; k+1U{3}

Again, all target indexes j for which X ; 41 is empty have
to be removed from £; 141

Liky1= {j € UNi,k+1u{i}ﬁe,k+1|k+1 | X jky1 = @}a
and
Xi’k+1 = {Xi’j’k+1}j€£i,k+1 )
Finally, the subset of the state space still to be explored is

the intersection of the unexplored part of the state space
by UAV ¢ and its neighbours

Xi k1 = X g1 k41 ﬂ X k1) k41- (20)
ZENi

Fig. 3 illustrates the sets resulting from (18), (19) and

(20) for two cases. The size of X; j x4+1 may be smaller than

X jk+1]k+1 as it is the case in Fig. 3a), when some subsets

of X; jk+1/k+1 have been proved by another UAV not to



Julius Ibenthal et al. / [FAC PapersOnLine 53-2 (2020) 9521-9528

(b)

Xi,,k+1|k+1

Xk 1k1

~

Xi,j,k+1|k+1

Xi.j,k+1|k+1

X g1l X ket

X jhs1lre1

~
Xz,j,k+l|k+1

< N
.
\

, // Xi,j,k+1

~ ~
! Xyt X gt !

Fig. 3. Set estimates evaluated by UAVs i and ¢ be-
fore communication (two top subfigures) and after
communication and update (bottom subfigures); (a)
X 5 k+1 is smaller than X ; 11 1/x41 since some subsets
of X; j k+1|k+1 have been proved by UAV / not to con-
tain a target; (b) X ;41 is larger than X ; 4 1jpt1,
since both UAVs have to account for the two different
hypotheses on the state estimate of target j.

contain a target. It may also be larger, as is the case in
Fig. 3b), where UAV ¢ has obtained measurements leading
to another hypothesis on the state estimate of target j.
Communications result in set X; ;41 which size is always

reduced compared to that of Xi,kﬂlkﬂ-

Algorithm 1 summarizes the prediction and correction
steps from both measurements and communications.

4. COOPERATIVE CONTROL DESIGN

At time k, once the communications have been performed
with its neighbours and the updated set estimates have
been evaluated, each UAV i has access to L;k, Xk,
and Xz,k-- Ideally, the UAVs should then determine, in
a distributed way, the sequence of control inputs which
minimizes the estimation uncertainty at time k + h
1
Qrn = 7~ D @ (Xikn Kikyn) » (21)
U=1
where h > 1 is the prediction horizon. One relies on the
distributed Model Predictive Control (MPC) formalism
introduced, e.g., in Morari and Lee (1999); Rochefort et al.
(2014) and considers several additional simplifications.

One will consider a sequential approach, in which a subset
./\/;P:k C N, of neighbours of UAV ¢ is assumed to have
already evaluated their own control inputs and transmit-
ted it as well as their state value at time k to UAV 1.
Let (ugg+1,---,urk+n) be the sequence of control inputs
already evaluated by UAV ¢ € ./\fZP]C To evaluate the
sequence of control inputs for UAV 4, the communication
graph is assumed to remain constant over the prediction
horizon. Moreover, since UAV ¢ has only access to the
control inputs evaluated by its neighbours in ./\/fk, the
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Algorithm 1. Cooperative robust set-membership target state

estimator -
C()()pRSMTSE(Ei,k, Xk, X’L,k)

Input: ﬁi‘kw lew and X,k _
Output: L; ji1, Xijk41, and X g1
Prediction step
1 Ligie = Lik ‘
2 Ktk = £ Kok, [Va]), for all j € Ly gy
3 Xi e = £ (Xigs [Ve])
Correction step from measurements
4 Ligr1jk+1 = Ligre U Dikgr
5 Xipriper1 = Xiprape \ Fi(x} 1)
6 For all j € L py1jp11
7 If j € i1 N Li g1k
8 Xigktilh+1 = X joripe \ Fo (X‘;k+1)
U{x € X n1 UK pr1pe |
hppr (X31,X) € Vijkr1 — [Wk+1]}-
9 Else if j € Dj k41 and j ¢ L gyajk
10 Xkt 1h1 = Koo VB0 (Vigesr — [Wia])
11 Else (j ¢ Digr1 and j € Ly jq1ji)
12 Kokt = Xijepae \Fi (X}
13 Lipsipes1 = {4 € Ligr1e U Diks1 | Xijrgpr # 0}
Correction step from communications
14 L1 = Ligippr1 Urens oy Lomtiptt
15 For all j € L; 41
16 fj€Lsrirpr N
17 Kigar1 = Ureny oy Xegrrtier\Usens o iugiy Xertaie
18 Else
19 Kiga1 = Ureny | Kegrrtiir \Urens oupn Xersje
20 Ligyr = {j € Uni praugiy Losrtpert | X = V)}
21 X1 = {Xijkr Lo

information, that will be provided by these agents via
communication at the time steps k + k, kK = 1,...,h,
will be considered in the construction of predicted values
of Lig, Xiktr, and X; ik, £ = 1,...,h to evaluate
i} (Xi7k+h, XM_M). To infer the estimates evaluated by its
neighbours in ./\/Z-l’)k, UAV i will further neglect all infor-
mation that its neighbours may receive from their own
neighbours, which do not belong to ./\/;Pk Finally, at time
k, all estimates are assumed to be equal, i.e, Xp 1, = &)
and X&k = Xi,k; le /\/;{Dk

4.1 One step-ahead prediction horizon

Our aim is now to determine the impact of {uy x+1},c e
ik

and of u; 41 on X; i1 and X;j41. For that purpose,
one will adapt the approach introduced in Reynaud et al.
(2018) to the case where decoys may be present.

Considering the control input uy 41, the predicted UAV
states XZ’EH is evaluated from xj, using (1) for all £ €

N, U{i}. The predicted value szﬂlk of the set Xy 41k

is simply evaluated using (11) starting from X, and is

the same for all UAVs £ € N, U {i}. Then X; »41 can be

easily predicted combining (14) and (20) to get
<P <P u,P

U F (Xe,k+1> :

Xi,k+1 = Xi,k+1\k \ (22)
eNT u{i}

As in Section 3.1, one is unable to determine whether new
targets will be detected. Thus, the predicted value £

€ k+1[k
of Ly jt1k, £ € Mpk U {i}, is evaluated as in (9) by

Ly = Lk (23)
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Predicted values XEL’C“I’C of Xy j k41, for all j € £2k+1|k
are also evaluated from X ;5 using (10). The predicted
values ij b1+ of Xy j k+1jk+1 are much more complex
to determine from X 07 k1] since they will depend on the
state of the UAVs and the actual state of Target j. Nev-
ertheless, one may consider two cases. First, if Xz et
Fo(x, k+1) = (), then

P P
Xp k1 = Xé,j,k+1|k- (24)

Here, one neglects the growth of Xg’ k1 compared

to ij,k 1k which may result from the observation of

<P
the true target or a decoy of index j in X, ), see
Fig. 2b. Second, if Xllf)j e IB‘g(XZ’,l;l) # (), then either

P _ P
X;‘,k-i-l ¢ FZ(XZkH) and ij,k-i-l = ij,k-o-l\k \Ff(xz,kﬂ)

(see Fig. 2c) or x},,; € ]Fe(XZ’:H) and

X7 j k1 = ST USE (25)

where

ST = {X € XPy i1 [ Bes1 (XP 115 %) € Yejnar — [W]}
and

85 = XP o \Fe(xi).

Here, again one neglects the effect on ij,k+1|k+1 of the
observation of the true target or of a decoy of index j in
X kt1[k» associated to the set S in (13), see Fig. 2b. The
main difficulty with (25) is that y, ; k41 is not available
at time k. All possible values of yy ; x+1 consistent with

the assumptions x§ , ., € F, (x +1) and the measurement

noise bounds [w]| should be considered to evaluate the
possible resulting sets SY. Nevertheless, since in general
P (Sf) is small compared to ® (ng’j’kﬂ‘k), one assumes
that (25) boils down to

(26)
This expression is consistent with (24) in the case

P u,P _
Xé,j 1k () FZ(Xz 1) = 0.

This is clearly an approximation, since X}

P _ wP u,P
X gkt = Xo g ppgn \Fe(Xgyr)-

05 k4 k1 becomes

empty when lekﬂ\lc C Fg(xe,kﬂ). Nevertheless, in a
model predictive control-oriented perspective, when such
case occurs or even if measurements help to significantly

reduce the size of X AR the contribution of the set

ij,k+|k+1 in ® (X27k+1, Xz,kﬂ) would become negligible.

Taking into account the information provided by the
communications with its neighbours, Xf’j’ i1 1S obtained

by combining all estimates XEJ & +| w41 €valuated by the
UAVs £ € N, with the estimate X}
UAV 4. Thus one gets

AT obtained by

U Fexprn) @0

CeNT u{i}

P _ wP
Xigk+1 = Xijrrape \

Finally, determining whether new true targets or decoys
will be detected is not possible. Consequently, one assumes
that

cy K41 = L£k+1|k' (28)
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a) % * *
UAYV, UAV, UAV,.
XPAI»’ +1]k+1 XPUHIU«H XP/z‘.kJrllkJrl
b) % * *
UAV, UAV; UAV,
XP;‘.A-+1 =
f(XPI,A:+1|k+1 7XP7',A:+1|k-+17XP£'J¢A1|k+1)
X = X ppar =

P P
f(X [.k+1|k'+11x t.k+1|/€+1) f(X £ k+1\k+17x i,k+1]k+ 1)

Fig. 4. Available estimates evaluated in the MPC ap-
proach; UAVs able to communicate directly are

. . . . T
linked; a) before communication, estimates X, | 1511
of Xy p+1jk+1, and b) after communication and pro-

. . Sai <
cessing, estimates X, ;¢ of Xy g y1.

4.2 h step-ahead prediction

Assume that 51 ket ka+m and Xi,ﬁ,{ have been eval-
uated by UAV ¢ for some 1 < kK < h. For that purpose,
UAV ¢ has evaluated Xe k+ for all £ € N, U{i}. The sets

E&k_m, Xé7k+ﬁ, and Xf,k+m for ¢ € Mk are not necessarily
equal to the corresponding sets evaluated by UAV i due
to communication constraints. Fig. 4 illustrates this situ-
ation, where one observes that the sets used to evaluate

<P <P

Xy g1 and Xy 1 by UAVs £ and " are not the same.
<P <P

Consequently, in general, X, ;. # X, ;1. Nevertheless,

to simplify the evaluation in the considered MPC context,
one assumes that the predicted sets at time k + x satisfy

=P =P
_ P P _ P _
- ’Cz k+k? Xﬂ,k-&-m - X',k-ﬁ-m? and XZ,kJrn - Xi,k+/{

4
P
=N,

1’7

’Cgk-i-n
for allﬁEN et =

Our aim is to determine the impact of {uLk_A'.K_A'.l}ZeNp
ik

and of u; r1.+1 on the evaluation of Esz+m+1a XiPkJmH,

<P
and X ;1,4 from the predicted sets at time k + £. One

is then able to evaluate recursively L£F, Th xFP +n» and
<P
X ke

First, the predicted list of detected targets is obtained
extending (23) and (28) to get

P P P
‘Ci,k+n+1 = ﬁe,k+ﬂ+1\k+ﬁ = ‘Cé,k—&-n'
Considering the control inputs Wy jpt1, the predicted
UAV states x,’ kJH{H is evaluated from x;’ kJm using (1)

for all £ € Nf, U {i}. Using the same assumptions as
in Section 4.1, the predicted value sz+ﬁ+1\k of the set
X ktrt1jk is again evaluated using (11) starting from
XZ,HH and is the same for all UAVs £ € N, U {i}. Then,

extending (22), one gets
U Fy (Xz k+l<a+1)

=P =P
Xz‘,k+n+1 = Xi,k+n+1\k+m \
éekaU{z}

P
the value Xg,j’kJmHlkJm of

. P .
Xy j ktrt1lk4nr, for all j € ACZ’,HHH“HN are again evalu-

Similarly, predicted

ated from Xij’kJmH using (11) and, extending (27), one
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gets after the communications are processed

P _ P u,P
Xijbtrt1 = Xz’,j,k—&-m-&-l\k-&-n \ U Fy (Xe k+m+1)
LeNT U{i}

4.8 Practical issues

In practice, the order in which the UAVs compute their
control input at each time step k has to be optimized.
Assume that UAV i has access to N;j from previous
communication. A suboptimal distributed approach can
then be for UAV 4 to compute its control inputs only once
it has received the predicted control inputs from all UAVs
in NV ;, with a smaller index.

To further simplify the search, one may assume in the
MPC approach that, at time k, only the control input at
time k£ + 1 is evaluated and that the control inputs at the
next time instants remain the constant.

5. SIMULATIONS

One considers the search for Ny = 4 true ground targets
by Ny =4 UAVs. The target motion is modelled by

ast.)ker ]k1—|—Ta:Jk4cos(v]k)

x{,kﬂ,? ]kQ +T$]k4sm (vj,k) (29)
${,k+1,3 j k.3 ’
Tjk+1,4 Vj,k

where (9173-7,@17 x;7k72) represents the target coordinates in a
given reference frame. The norm of speed m§ k3= lm/sis
assumed constant, and x k.4 is the target heading angle.
At each time step, vj 1s unlformly chosen at random in
the interval [—7/5,7/5].

The UAVs dynamics is modelled by

;lk+11 x o + Ty 4 cos((zk,5)) cos (uik)
jk+12 ]k2+Tx]k4cos((xJ7k75)) sin (u; k)

g k13 | _ j k.3

]7k+1 4 ],k,4 ’
g k+1,5 Tis

g,k+1,6 Ui,k

which corresponds to a fly at a constant altitude z7; 5 of
100 m with zero slope above the terrain at a constant speed
x4 0f 20 ms~!. We consider that the UAVs control input
consists only in the heading angle.

The communication graph is assumed fully connected
at each time instant. No delay is considered and the
communication period is T' = 1s. Their prediction horizon
for the MPC is h = 4. They are equipped with an
optical sensor able to detect targets within its FoV, see
(4). Tts opening angles are equal to /4 in both azimuth
and elevation. When a target is detected at time k, one
assumes that the measurement equation (6) delivers a
noise corrupted measurement of its actual location y; j x
with an uncertainty w; ; » bounded in [-5m, 5 m] for both
components x , | and z} ; ,. The only available knowledge
is that the measurement noise belongs to this bound.

Nq = 4 static decoys are also considered with x‘go € R?,
where (¢ ,,2¢,) is chosen uniformly at random in the
search area, 28, = 0, ¢, = 0, and z§, = 0. The decoys

9527

7, (m)

Fig. 5. 2D projection of X; j (yellow), X, ;, (green, true
targets), and X, (red, decoys) for UAV ¢ = 1 at
k = 57 (left) and at k = 143 (right); the actual
target positions are indicated by dots (true target)
and circles (decoys); the position and heading angle
of the UAVs is plotted

are confused with true targets only when they are observed
from a location (2} 1,z 5,2} 5) satisfying (5), where

d d 2 d\2 2 2
9i.e (xﬁk,xz) = ((xzuk —xé) ~ag) — (X;Ik —xe) aj (cosay)”.

represents a half circular cone of R? with the aperture 2ay.
The cone axis is parallel to a; and its vertex is Xe The
aperture 2ay is uniformly distributed within [7/7,7/5].
The same applies to the orientation a, of the cone for the
azimuth Sy bounded in [0,2x] and the elevation angle 7,
bounded in [7/7,7/5] with

ay = (sinyp - cos B¢, sin~yy - sin By, cos e, 0, 0, O)T
The search area is a square of 500 x 500 m?.

The simulations have been carried out in Matlab. For
representing sets, the Matlab built-in function polyshape
has been used. This function simplifies the handling of
sets in R? regarding Boolean and geometrical operations.

Fig. 5 presents the simulation results. Fig. 5 (left) shows
the 2D projections of the set estimates for true targets and
decoys at k = 57. Two true targets (green set estimates)
and two decoys (red set estimates) have been detected.
The set still to be explored is in yellow. The set estimates
evolve due to the target motion. Since the UAVs are not
able to distinguish between true targets and decoys, both
sets are growing. Fig. 5 (right) presents the set estimates at
k = 143 after some sub-areas have been monitored several
times. One sees that three decoys have been uncovered and
their set estimates are empty. Measurements taken from
different point of views have helped to identify decoys and
previous estimates got corrected.

Fig. 6 represents the evolution of the 2D projection of
the sets X; x, Xk, and X;; for UAV ¢ = 1 during the
elimination of a set estimate corresponding to a decoy. One
sees that the red set progressively disappears and becomes
empty at time k = 127 1.

6. CONCLUSIONS
This paper addresses the problem of cooperative target

localization and tracking in presence of decoys using a fleet
of UAV. A set-membership approach is introduced. The

1 A video of the presented sequence is available at https://drive.
google.com/file/d/1F6Yi1IgD4J1--bIL4xNHbfxNp3NNijaQ
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Fig. 6. Zoom on the evolution of the 2D projection of X; ,
X ik, and X; ; , for UAV ¢ = 1 during the elimination
of a set estimate corresponding to a decoy.

originality of the proposed approach is to deal with decoys,
assumed to be static objects located in the monitored
geographical area, which can be confused with a true
target by an UAV, when present in the field of view and
under specific observation conditions.

To address this problem, three different sets are introduced
for each UAV: the explored set to which we know that the
target does not belong, the explored set to which the target
may belong, and the unexplored set to which the target
may belong. Thanks to the information available by each
(coming from its own sensors, or by the information shared
by its UAVs neighbourhood), these three sets evolve so
that, at each time step, each UAV can have a knowledge
as precise as possible of the whole situation of the tracked
targets.

The control input of each UAV is evaluated via a model
predictive control approach. A simulation illustrates the
proposed method when several UAVs cooperate to track
some targets, in the presence of decoys. Further extensions
of this paper include developing strategies of displacement
of an UAV to see the potential targets under different point
of view in order to determine whether it is a true target or
a decoy. Other extensions would be to deal with moving
decoys, obstacle obscuring objects or probability of non-
detection for the true targets.
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