N

N

Bounded-error target localization and tracking using a
fleet of UAVs
Julius Ibenthal, Michel Kieffer, Luc Meyer, Hélene Piet-Lahanier, Sébastien
Reynaud

» To cite this version:

Julius Ibenthal, Michel Kieffer, Luc Meyer, Hélene Piet-Lahanier, Sébastien Reynaud.
Bounded-error target localization and tracking using a fleet of UAVs.  Automatica, 2021,
10.1016/j.automatica.2021.109809 . hal-03534180

HAL Id: hal-03534180
https://centralesupelec.hal.science/hal-03534180

Submitted on 19 Jan 2022

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://centralesupelec.hal.science/hal-03534180
https://hal.archives-ouvertes.fr

Bounded-error target localization and tracking
using a fleet of UAVs

Julius Ibenthal ® Michel Kieffer  Luc Meyer * Hélene Piet-Lahanier ?
Sébastien Reynaud *

2Département Traitement de I’Information et Systemes, ONERA, Univ Paris Saclay, 91120 Palaiseau, France

> Univ Paris-Saclay, CNRS, CentraleSupélec, Laboratoire des Signaux et Systemes, 91192, Gif-sur-Yvette, France

Abstract

Among the various applications for fleets of UAVs, searching and tracking mobile targets remains a challenging task. In this paper, a
distributed set-membership estimation and control scheme is presented. This scheme relies on the description of uncertainty and noise as
bounded processes. Constraints on the field of view, as well as the presence of false targets, are taken into account. Each UAV maintains
several set estimates: one for each detected and identified true target, one for detected but not yet identified targets, and one for not yet
detected targets, which is also the subset of the state space still to be explored. These sets are updated by each UAV using the information
coming from its sensors as well as received from its neighbors.

A distributed set-membership model predictive control approach is considered to compute the trajectories of UAVs. The control input
minimizing a measure of the volume of the set-membership estimates predicted h-step ahead is then evaluated. Simulations of scenarios
including the presence of false targets illustrate the ability of the proposed approach to efficiently search and track an unknown number

of moving targets within some delimited search area.

Key words: Multi-agent systems; Collaborative systems; Multi-target tracking; Set membership estimation; Decision making and

autonomy, sensor data fusion; Autonomous systems.

1 Introduction

Among the various applications of fleets of UAVs, search-
ing and tracking mobile targets in some geographic zone
remains challenging. Numerous approaches have been de-
veloped in this context, see, e.g., [20,31] and the references
therein. Most of the techniques of the state-of-the-art rely on
a cooperative design of a search strategy and a distributed
estimation of the target locations.

In this paper, we consider a fleet of UAVs, each of which
being equipped with a sensor able to detect and localize tar-
gets from observations of a subset of the search area. When
a target is detected, we assume that its identity is revealed
only if some observation conditions are satisfied. This situa-
tion is typically encountered with cameras: the identity of a
target is available only when it is observed from a satisfying
point-of-view. We also account for the presence of moving
false targets. These false targets may be erroneously iden-
tified as true targets and are distinguished from true targets
only when observed under specific conditions. For each de-
tected (true and false) target, we assume that some noisy
measurement of its state is available. The noise corrupting
the state observation is assumed to be bounded with known
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bounds, which may depend on the observation conditions.

We propose a robust distributed set-membership estimator
run by each UAV. This estimator determines i) set estimates
containing the state of each identified target, ii) a set esti-
mate containing the states of detected but not yet identified
(true and false) targets, and iii) a set possibly containing tar-
gets remaining to be detected (the part of the search area still
to be explored). The estimator is able to process measure-
ments associated to detected but unidentified targets, prior
to their identification at later time instants. The set estimator
alternates predictions and corrections using measurements
from the sensor of each UAV and measurements received
during communications with its neighbors. The control in-
puts for each UAV are designed using a model predictive
control (MPC) approach adapted to the set-membership es-
timation context, which aims at minimizing the volume of
the set estimates. The MPC approach accounts for the im-
pact of future measurements on the set estimates and infers
future information communicated by neighbors. A limited
communication range is also considered.

In summary, the set-membership estimator proposed in this
paper enables the detection and tracking of moving targets
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in presence of moving decoys. Issues related to false detec-
tion and misidentification of false targets, as well as poten-
tial non-identification of true targets are considered. The dis-
tinction between true and false targets relies on some deter-
ministic observation conditions generalizing that introduced
in [17,18]. The distributed MPC approach introduced here
accounts for limited and possibly delayed communications
between UAVs, extending previous results in [17,29]. Fi-
nally, a better management of set estimates leads to a more
efficient and computationally less demanding control law
design compared to that of [17].

Some related work in the context of cooperative search, ac-
quisition, and track (CSAT) is provided in Section 2. Sec-
tion 3 introduces notations and describes the way the CSAT
problem is cast into a distributed set-membership estimation
problem from bounded-error measurements. The evolution
of set estimates for a given UAV and the way measurements
are taken into account is described in Section 4. Section 5
introduces the considered distributed MPC approach, focus-
ing on the various simplifications required to get a man-
ageable complexity. Extended simulations are described in
Section 6, before drawing some conclusions in Section 7.

2 Related work

In many papers, regarding CSAT problems, the estimation
of target locations involves a probability map of the search
zone. This map, shared between neighboring agents, rep-
resents the confidence of target locations [4,34]. The pre-
diction and update of the map are performed by recursive
Bayesian filtering. UAV displacements are then designed to
better update the map, as in [32]. In [21] and [35], com-
munication constraints and limited fields of view (FoV) of
the embedded sensors are taken into account. More recently,
for effective tracking, a target assignment strategy has been
proposed in [1]. The assignment is updated with other co-
operating agents using consensus decision-making.

Efficient search requires the design of control schemes to
move the cooperative UAVs in order to optimize some cri-
terion quantifying the performance of the search, e.g., min-
imizing uncertainty of estimated target locations. A review
of path-constrained approaches to design sets of trajectories
is presented in [28]. These approaches rely on strong a pri-
ori knowledge on the search zone and on targets. Distributed
optimal control strategies are proposed in [13,14], while
game-theoretic techniques are considered in [24]. MPC is a
well-adapted framework for designing controls optimizing a
criterion while satisfying potential constraints which makes
it a good candidate for defining search and track strategies
as in [11] or [33]. Better account of uncertainty in MPC is
presented in [23].

Nevertheless, a priori probability density functions (pdfs)
describing the process and measurement noises may not be
always available. An alternative to the probabilistic descrip-
tion was proposed by [15] and [10]. Instead of representing
the target state estimate by a single point estimate, it was
suggested to use a set-membership description of uncertain-
ties. This description only assumes that a bounded support

of the probability density function (pdf) of the measure-
ment noise is available. Set estimates containing all possible
states for a target are then derived, see [30,29]. This type of
bounded noise has been considered in the context of MPC,
e.g.,in [3], [7], and [19], and considered in a CSAT context
in [17], to the best of our knowledge.

Additional errors affecting CSAT may come from the fact
that detected objects may not necessarily correspond to tar-
gets. Several approaches have been considered to model the
uncertainty on the decision of considering a detected object
as a target. In [2,24,9], a false alarm probability is intro-
duced to account for the imperfect processing of the infor-
mation acquired by sensors. Another possibility consists in
considering the presence of decoys, i.e., objects that can be
considered as a true target when seen from a specific point
of view. For example, [12] introduces a Bayesian process
for cooperative search when the sensors embedded on the
UAVs are not able to determine whether a detected target
is real or not. In [16], the random finite set probability den-
sity is used to model both target-generated observation and
false alarms. An interactive multi-model filter is then used
to estimate the modes of the detected objects. Detection or
identification can be linked to some additional observation
conditions not only depending on the field of view but also
on the relative orientation of robot and target. A coopera-
tive multirobot observation of multiple moving targets prob-
lem is considered in [27] where the detection of a target
depends on the target heading angle. There are less works
addressing the CSAT problems considering that the target
identity is revealed when some additional observation con-
ditions are satisfied. Some results have been obtained in [5],
where simultaneous target tracking and identification from
electro-optical and infrared sensors is considered. In [17]
the presence of static decoys is taken into account, and the
bounded-error approach introduced in [30] is adapted to de-
sign a distributed set-membership estimator able to discrim-
inate decoys from true targets.

3 Problem formulation

This paper addresses the problem of searching and track-
ing targets which can be identified based on some of their
features, e.g., license plates for cars, face characteristics for
humans. One assumes that a unique identifier may be asso-
ciated to each target and that the set J* of target identifiers
is known a priori.

A fleet of N, UAVs searches and tracks an unknown number
N, < |JY| of targets moving within a limited area of inter-
est. Furthermore, this area of interest also contains possibly
moving decoys, called false targets hereafter. The set J of
false target identifiers is unknown but assumed to be such

that 7' N J* = 0.
Table 1 provides the main notations used in this paper.
3.1 UAV and target states

At time ¢t = kT, where T is the discretization time period,
let x} . € R™ be the state vector of UAV ¢, x; . € R the



Variable Definition

Ny, Ny, N Number of UAVs, true, and false targets

Ny , Nt State vector size for UAVs and true targets

xfb.‘y b State vector of UAV 4 at time k

x‘j’ k> xz, & State vector of true j and false target ¢ at time k
fy ., £, Dynamical model of UAVs and targets

Vik € [Vi] True target state perturbations

u; €U UAV 1 control input at time k

Xo Initial set of true and false target states

Fi(x! ) C R™

- xu t
h; <xi,k7xj,k)

yiy].} & Measurement of the identified true target j € DI &

U
yi,m,k

Observed subset by UAV ¢

Observation equation of UAV ¢ at time k

Measurement of the unidentified true target m € DZ.U &
. -1
such that j = m;  (m) € J*
wi, ik € [Wik] Observation noise
j k € F ( 0 k)
xz r €F; (x;‘ ) Detection condition for false targets
g (4 %)
( i,k xz k)
( Y s xe, k) 0

ik (3) ik (€)

Detection condition for true targets

’

A

0 Identifiability condition for true targets

A\

0  Identifiability condition for false targets
Confusion condition for false targets

Unknown mapping from J'U J to N

Lk List of known identified targets by UAV 4 at time k

D; & Set of detected and identified targets and
misidentified false targets by UAV ¢ at time k

Dg k Set of integers referring to true and false targets
that were detected but not identified

Nk Set of neighbors connected to UAV¢ at time k

X,k Set estimate for target j by UAV ¢ at time k

ng Set estimate for unidentified targets by UAV ¢ at time k

Xk List of set estimates by UAV ¢ at time k

Xk Set still to be explored

¢ (A) Measure of set A

Dy, Average estimation uncertainty at time k

Table 1

Used variable and their definitions

state vector of target j € J", and x}, , € R™ the state vector

of false target { € J f The evolution with time of the state
of UAVs and true targets is modeled as

X; g1 = £y (X?,ka ui,k) ) (1)
t t t
X = i (X, Vi) )

where u; j, is the control input for UAV 4, to be chosen in
a set U of admissible control inputs; v; ; is an unknown
target state perturbation belonging to the known box [vi]. No
particular assumption is considered about the evolution of
xz i false targets may be static or moving. The UAVs search
and track targets only within the area of interest Xy C R™.

3.2 Measurements

All UAVs are equipped with sensors able to observe a subset
of the area of interest Xy. A true or false target is always
detected by UAV 1 if the target state belongs to the observed
subset (Field of View, FoV) Fl(x;‘k) C Xo C R™, je., if
sz € Fl(xfk) or x;ﬂk € Fi(xik).

When a true target is detected, two cases may occur depend-
ing on an additional identification condition g'. If condition
g' is satisfied, then the target is recognized as a true target
and its unique identifier j € 7" is obtained. If the condition
¢ is not satisfied, then no information on the target’s identity
is available: the UAV does not know if the detected object
is a true or a false target. We assume that misidentification
does not occur for true targets.

When a false target £ € J' is detected and an identification
condition g" holds, an identifier j is obtained, which may
not necessarily be equal to ¢. A misidentification may occur
depending on an additional condition ¢. If ¢ is satisfied,
the obtained identifier is J (¢) € J', where J is some de-
terministic confusion function, i.e., a false target is always
confused with the same true target. If ¢ is not satisfied, then
the obtained identifier is ¢ € JT, which allows the UAV to
determine that a false target is detected. When ¢ is not sat-
isfied, the UAV does not know if the detected target is a true
or a false target and does not have access to its identifier.

More formally, at time k£, UAV ¢ obtains two lists Di %> and
Dyk from the information gathered in F;(x} ;).

D r C T ! contains the identifiers of all true targets that are
detected and identified at time k, i.e.,

x5, €F (x) A gy (x84 xk) =0=37€D, 3)

where g; is the identification condition for the true target j.
D!, also contains the identifiers of all false targets that were

detected and misidentified, and so confused with a target
j € J" at time k, ie.,

xp €F; (x05) A gh (x).xp,) >0
A gy (%8 Xpg) =0 = J(0) €Dy, (4

where gf and ¢} are the identification and misidentification
conditions for the false target ¢. An identifier j may appear
multiple times in Dg, « due to the potential presence of a true
target and one or more false targets confused with that true
target in the FoV of the UAV.

Dyk is a list of integers referring to true and false targets

that are detected but not identified (conditions ¢! and ¢' are
not satisfied). For a true target j € J*

x}k c T, (x‘;’k) A g} (x37k,xz7k) <0=my(j) € ng,
where 7; j, maps J'U Jf to N. For a false target £ € Jt

Xf%,k- cF; (x‘i‘,k) A gﬁ (xik,xzk) <0=my) e ng



true target

X & Fi(x" ) X' € Fi(x" )
undetected }ected\
gtj(X"‘.th,.Lv) <0 gt/(xuuzyxtj.k) =0
unidentified & identified &

measurement acquired measurement acquired

Fig. 1. Measurement process for true targets: the figure shows the
obtained information on true targets depending on the observation
conditions and identification condition g}.

false target
f f
X & Fi(x"4) Xy € Filx")
undetected )«‘('l&
K f i f
g(x"pX'p) <0 g(x"ipX'ep) 2 0
unidentified & acquiring
measurement acquired identity
f f f f
qox"pX'e) <0 ¢ (X" pX0s) 2 0
identified as false target & misidentification,
discarding measurement confusion &

measurement acquired

Fig. 2. Measurement process for false targets: the figure shows the
obtained information on false targets depending on the observation
conditions, the identification condition gﬁ, and the misidentification
condition ¢

The function 7; ; is used to assign an integer to the index of
unidentified targets in the order they are processed DY, =
{1,2,3,...}. For example DY, = {1,2,3} indicates that
three unidentified targets are detected at time & by UAV q.

The UAVs are not aware of the structure of g}, g}, and gj.
The condition g;(x} ;,x} ;) > 0 may represent a situation
where the UAV ¢ identifies the true target since it is observed
from some specific point of view belonging, for example, to
some polyhedral cone whose apex is x;-’ .- A similar struc-
ture is assumed for the identification condition g}ﬁ for false
targets. The misidentification condition gj(x},,x} ;) > 0
is satisfied if, for example, UAV i does not belong to some
polyhedral cone whose apex is xﬁ’ - Similar identification
conditions have been proposed in [27]. Fig. 1 and 2 show
the measurement process and the information obtained de-
pending on the fulfilled conditions. Fig. 3 illustrates differ-
ent scenarios when a target is detected. The red UAV de-
tects and identifies the false target £, as xj , € Fi(x} ;)

and gj (x},,%} ) = 0. Moreover, target {1 is correctly
identified as a false target as g;, (X3 s x1217 ) < 0. The green
UAV detects and identifies the true target j; correctly as

x; . € Fi(x},) and g} (x},,x} ;) > 0. The blue UAV

detects the true target jo as x, , € F;(x} ) but it is not

Fig. 3. Projection of the 2D plane (71, x2) of the area of interest,
of the state of true targets x; ,, (filled circles) and false targets X‘Z, E
(empty circles). The subsets defined by g} (x} ;,x} ) > 0 and

g4(x} 4, Xp) = 0 where targets can be identified are illustrated
by the projection of the conic subspace in light gray. The subset
defined by ¢/ (x5 ks x?k) < 0 where false targets are identified as
false targets is represented by the projection of the conic subspace
in dark gray. The boundary of the FoV is in dashed-dotted magenta.

identified since g}, (x; 4, ), ;) < 0. Finally, the blue UAV
detects and identifies the false target ¢ as ng, r € Fi(xi )
and g, (x! , %, ) > 0, but it is confused with a true target
since qu (xl‘{k, ng,k) > 0.

A noisy observation of the state x‘j ;. 1s obtained for each
identified true target j € D}, as

1
Yijk = h; (X?yk,x}_’k) + Wik, )

and for each unidentified true target m € DY, such that
j:wg,cl(m)ejt,as

U
Yimk = h; (X;'l,kvxtj,k) + Wik (6)

where h; is the observation equation of UAV ¢ and w; ;
represents some measurement noise, bounded in some box
[w; j k). Usually the size of this box varies according to
environmental and measurement conditions and is unknown
[24,8]. One assumes, however, that a known box [w; i| such
that [w; ; x] C [w; ] can be obtained, considering, e.g.,
worst-case measurement conditions.

A noisy observation of the state x}, ,. of false targets ¢, which

are misidentified, i.e., J () € D%_ 4> 18 obtained as

yi,.](l),k =h; (Xlil,kvxg,k) + Wi gk, @)

and of unidentified false targets m € ng such that ¢/ =
7rz_k1 (m) € J%, as

U £
Yime =hi (X0, X01) + Wik, ®)

where w; 5, belongs to some box [w; ¢ ]. One assumes
again that a known box [w;] is available such that
[Wien] C [Wikl]-

As illustrated in Section 4.2 measurements and noise bounds
are used to get set estimates of the target locations. After



a first estimate is obtained from conservative noise bounds,
if there is a known dependency between the noise bounds
and the distance to the target, it may be possible to get
more accurate noise bounds. These refined bounds may then
be used to reduce the size of the set estimate of the target
location.

3.3 Communications

Two UAVs exchange information when they are in vicinity.
The UAV network is represented by a set of nodes N, =
{1,2, ..., Ny}. The set of edges of the network & C Ny XN,
describes the connectivity at time k. An undirected graph
Gr = (N, &) summarizes the communication topology of
the fleet at time k. N . = {j € Nu| (4, 5) € &, @ # j} is
the set of neighbors connected to UAV i at time k. UAVs ¢
and j exchange information without error when (i, j) € &,
and they are unable to communicate when (4, j) ¢ &. The
edges of the network at time k depend on some condition c.
One has

¢ (X} kX0 p) = 0= (4,5) € & ©)
3.4 Estimates

I; . gathers the information available to UAV i up to time k.
From [, ,, UAV i is able to evaluate £; j, the /ist of indices of
true targets already detected and identified or which presence
has been signaled by an other UAV of the fleet to UAV 1.
I; 1. is used to evaluate a list of target set estimates X; ), =
{Xi’jﬂk}jE»Ci,k and X7, X jx contains all possible values
of the state of the identified target j that are consistent with
the information available to UAV ¢ at time k. It is possible
that X; ; , does not contain the actual values of x; ; due to
misidentification of false targets. XY, contains the union of
all possible values of x;’ . and xz i of all detected targets
still to be identified. Finally, UAV ¢ also maintains a set Xi’ b

containing the possible state values of true targets not yet
detected.

3.5 Estimation uncertainty

Consider UAV 7 and assume that at time k, X?k and Xz’,k

are empty and that set estimates X; ; . are available for all
j € J". Then, x; x € X ;1 and the estimation uncertainty
for the state of target j may be defined as ¢(X; ; »), where
¢ (X) represents some measure of the set X. When X7,

or Xi, . are not empty, due to the presence of decoys, one
has not necessarily x;- & € X, ;.1 and the estimation uncer-

tainty for the state of target 5 has to account for X?k and
Xi,k (which both may contain x;7 ) and may be defined as
(I)j(Xi,ky ngaxi,k) = gf)(Xi’j,k- U ng U X77]¢) The estima-
tion uncertainty for target j is the measure of the union of
the sets where target 7 may be.

The target state estimation uncertainty at time k for UAV ¢

accounts for all sets in which the targets may be, i.e.,
-
q) (Xi,k‘a Xz’7k7 Xi,k) =

b U X |uxPuXie|. (10
Xi,5,kEX &

When X; . = 0, (10) boils down to @(Xi,k,xgk,xk) =
(b(XEk U X 1). Finally, the average estimation uncertainty
among all UAVs at time £ is

Ny

_ 1 _
Op= > (Xip, XV, Ki) - (1)
=1

No<

The aim of this paper is to evaluate a sequence of control
inputs for each UAV so as to minimize the estimation un-
certainty @y, as fast as possible. This requires first to be able
to determine the evolution of the various set estimates man-
aged by UAVs, as detailed in Section 4. A distributed control
design strategy is then presented in Section 5.

4 Evolution of set estimates for a given UAV

This section describes the evolution with time of the sets
Lik, Xig, ng, and X; ; managed by a given UAV 4. The
UAVs evaluate the set estimates considering a generalization
of the nonlinear recursive set-membership state estimator
introduced in [22]. Similar to the classical Kalman filter, it
alternates prediction and correction steps, the latter being
based on measurements and communication. One has £; g =
0, Xio=0,Xy=0and X; o = Xp fori =1,..., N, for
the initialization at time k = 0.

4.1 Prediction step

UAV i has access to L; i, Xj k., ng, and X,'7k at time k. One
is unable to predict whether UAV 7 will detect new targets
at time k + 1, thus the predicted list of detected targets is

Ligsie = Liks (12)

For each target in £; ;4 1), one is able to predict the set of
possible future state values at time k + 1, i.e, the set of all
target state values that are consistent with X ; », with the
dynamics (2), and the bounded state perturbation

Xi,j,k+1\k = {fltc (X,V) |X € Xi,j’k,v c [Vk]} M X()
= £}, (Xi sk, [Vi]) N Xo. (13)

One computes the intersection with X since targets are
assumed not to leave the area of interest. The update of the
sets ka 1k and X ;115 is obtained in the same manner



since all true targets evolve according to the same dynamics
(2), XY, 1) 1S evaluated as

ngﬂ‘k = {f}C (x,v) |x € ng,v € [Vk]} N Xo
=}, (XPp, [Va]) N Xo, (14)

2
and X; 441 as

Xi,kﬂ\k = {f/tf (x,v) |x € Xz’,kav € [Vk}} N Xo
= {f,tc (Xi,ka [Vk])} N Xp. (15)

4.2 Correction step from measurements

UAV i obtains measurement y! j i+ for identified targets
j € Di,,, and measurement yy . for unidentified
targets m € ng 4 after processing the information in

F; (x;’ % +1) at time k£ 4 1. Consequently,

_ 1 1
ikt 1je1 = LipU {Di,kJrl’ {yz‘,j,kﬂ}jepli eir

DU fyY . (16
ik+1 {yumykJrl}mEDg,kﬂ} (1o

4.2.1 Updating the set of identified targets

One has to consider different cases to determine the updated
set X j ky1je41 from X; ;5 x4 1) for an identified target j €
L; g1 ks> where L; p1jkt1 = Lipyrje U D] 4y
Accounting for measurements of identified targets

. I l . .
When j € Di,k 41, @ measurement y; ; ;.4 is available and
four cases have to be considered.

X j e (X ) # (0, then y£7j,k+1 may correspond
to a previously detected and identified target j that is ob-
served again. Under that hypothesis, the set of all state val-
ues x consistent with X; ; 1 1)x, y;j’ x41- the measurement
equations (5), and the measurement noise bound [w; j1] is

S = {X € Xy jk+1lk |
h; (x}11.%) € yg,j,k+l = [Wiks]}- a7

Fig. 4 (a) illustrates the case where the set Sy # (0.

If ng+1‘k NF; (XE',;CH # (), then yﬁmﬂ may correspond

to the true target j or to a false target £, such that J (¢) = j,
which was only detected at k£ and (mis-)identified at time
k+1. Under that hypothesis, the set of all state values x con-
sistent with X', . 1, ¥} ; 1, the measurement equations
(5), and the measurement noise bound [w; j41] is

U
Sy = {X € Xi,kJrl\k: ‘

hi (%) 411,%X) €Y1 01 — Wing1]}.  (18)

X:.j.k+1\k+1 X:Aj.l.v+1\k+1

Xz‘.k+1|k+1 : Xi.k+1|k+1 :

Fi(x" )

(b, non-identification)

(a, identification)

Fig. 4. Correction from measurement I: set estimates of X; ; 11 1%

(in green) and Xi,k-s-llk (in yellow) before correction from mea-
surement (top); (bottom-a), where targets were detected and iden-
tified, the set estimates (in green) inside F; (x} ;,) are S; and
S3. In (b), the targets were detected but not identified. The set
estimate (in green) inside F; (x} ;1) is Sa. The set estimate (in
cyan) inside F; (x} ;) is S5.

p

&

U U
Xk 1lk11 Xiksies

Fi(x" k41) Fi(x" k1)

(a; identification) (b; non-identification)

Fig. 5. Correction from measurement II: detection of a target inside
XE k1), (in cyan in the top subfigure): (a) a target is detected
and identified as target j (possible mis-identification for a false
target), the set estimate (in green) inside F; (x} ;) is S2; (b)
the target is detected but not identified, the set estimate (in cyan)
inside F; (x} ;1) is SY.

Fig. 5 (a) illustrates the case where Sy # 0.

I X0 ke NFi(x] 4 40) # (), then yimH may correspond
to a target in X; 5415 N Fi(xi“l). This target may either
be the true target j or a misidentified false target ¢ such
that .JJ (¢) = j. The set of all state values x consistent with

I .
Xik+1lk> ¥i, k1 the measurement equations (5), and the
measurement noise bound [w; ;1] is

Ss = {x € Xj ks1 |

h; (Xlij,k-&-lax) € Y;,j,k-u - [Wi,k—&-l]} . (19)

Fig. 4 (a) illustrates the case where the set S # (0.

Finally, if
(Xz‘,j,kﬂ\k U Xgmuk UXi,kJrlUc) NF; (X} 541) =0,

then the measurement y' jk+1 1s necessarily due to a false



th

lelk 1, 11k lelk ,, 11k

(b, non-identification)

(a, identification)

Fig. 6. Correction from measurement III: detection of a target
inside the intersection of different target set estimates. In (a), where
the target was detected and identified, the set estimate (in green)
inside F; (x} 4 41) is S1. The measurement can be linked to target
j2. In (b), where the target was detected but not identified, the
set estimate (in green) inside [F; (x‘i” b +1) is S4. The measurement

ygm’k, 41 of state x}, ., has to be considered for the estimates
of jiand js.

target mis-identified with j, since x; , ., is necessarily in
U _

R CRNESIISR SYNESTAED WSS

Accounting for measurements of unidentified targets

When j € L; j41)% and DP,CH # (), we have to consider the
case that one of the measurements yz mkt1s TV E DZ k1
may be due to the detection of the true target j. Under
that hypothesis, the set of all state values x consistent with
Xijkt1k Yimpi1s M € DPyyq, the measurement equa-
tions (6), and the measurement noise bound [w; j+1] is

S =
4 UmeDE,k+1

u U
h; (Xi,kJrle) EYimk+1 —

{x X nr1kl
Wik+1]}.  (20)

Fig. 4 (b) shows a case where S, is not empty. S; leads to
situations where the measurements might be used several
times for the set estimates of different targets. This is illus-
trated in Fig. 6 (b). The observed target lays inside the in-
tersection of two set estimates. The measurement has to be
considered for both estimates if the target is not identified.

The sets S; to Sy account for various hypotheses related to
the obtained measurements which may be due to the true
target j or to a false target misidentified with j. Addition-
ally, one has to account for the fact that non-detection does
not occur and that all information in IF;(x} , ) has been pro-
cessed. Therefore, x} , | & Fi(x} ;1)\ (S1US2US3USy).
Introducing,

Ss =X jkt1e \Fi (% y1) 5 (21)

the updated set estimate accounting for all hypotheses, is
then

Xi,j,k-‘rl‘k-‘rl = Sl U SQ @] Sg @] S4 @] 85. (22)
Some of the sets Sy, ...,S; may be empty.

When j ¢ L; ;415 and j € D;kﬂ, the true target j or a
false target misidentified with j is detected and identified for

the first time. The set estimate (22) in that case boils down to

Xi,j,k+1|k+1 = Sg U Sg. (23)

4.2.2 Updating the set of unidentified targets

One has to consider different cases to determine the updated
set XL ft1[k41 from Xl ket 1]k for an unidentified target using
Yy mg1. M € D\, obtained after processing the infor-
mation in F;(xj ;) at time k + 1.

An unidentified target may be detected again inside the set
estimate of unidentified targets XUi,k+1\k- This hypothesis
is similar to that considered in (17), and one gets

U
Si= U {XGXZ ket |

mGDI k1

b1 (X4 1,X) €YYmass — Weet]}. (24

Alternatively, an unidentified target may be detected for the
first time in the unexplored set X; ;1 1|x. This hypothesis is
similar to that leading to (19), and one gets

sy= U

meDY

{X € Xi,k+1|k|

i,k4+1

hy 11 (Xi,k+1ax) € ygm,kﬂ — [Wit1]} (25)

Contrary to (19) and (17), SYand SY contain the union of
the set estimates associated to all detected targets in m €
D). Figs. 4 (b) and 5 (b) illustrate situations where S} C

Fi(x} ) and S§ C F;(x} ;) (both in cyan) are not
empty.

Again, one has to account for the fact that non-detection
does not occur and that all information in IF;(x} , ) has been

processed. Therefore, X} ; 1 ¢ Fi(x} ;1)\ (SY USY). In-
troducing,

SY = XY, e \Fi (%! q1) 5 (26)

the updated set estimate XU“H” k1 accounting for all hy-
potheses, is then

XY, pg1pher = SY USY USY. 27)

When all measurements from F;(x} , . ;) are processed, the
unexplored set Xi,kﬂl , can be updated as

Xikr1lh1 = Xipr1je \Fi (%5 511) - (28)

Finally, one has to remove all targets j from the list of al-
ready detected and identified targets whose set X; ; 11 1)x41
is empty

Ligstikrr = {7 € Liggrpe | Xijrsrpsr Z0} . (29



This case may appear if, for example, false target ¢ was
detected and misidentified as a true target j € J' at time
k, and new observations lead to the identification as false
target at time k + 1.

4.3 Correction step from communications

UAV i sends the sets £i,k+1|k+1, XUi7k+1|k+1, Xi’k»+1‘k-+1,
and & py1jp41 = {Xi*jvkﬂ‘k“}jeﬁi,k+uk+1’ to its neigh-
bors ¢ € ./\fi7 k+1, and it receives the corresponding sets from
its neighbours at the end of time step k + 1. The information
available to UAV i is then

U {ﬁf,k+1|k+17

L k1 =L pg1jp41
LEN; k41

X1 i1 X001t 15 Xe 1ot 1o (30)
Accounting for the information exchanged with UAV ¢, the

set of all targets which have been identified by UAV 7 or
one of its neighbours up to time k£ + 1 is then

+ _
‘Ci,k+1|k+l - U
LEN; y1U{1}

Lo kt1)k+1- (31

Then, for each j € £$k+1|k+1’ the set of neighbors M’kJrl
of UAV i can be partitioned into two subsets. The subset
N7 1 of the neighbors who believe that they have detected
target j up to time k + 1 and the subset f k41 of neighbors
who are sure that they have not detected target j up to time
k+1.

To further fuse the information available to UAV ¢ before and
after communication, for all j € L we introduce

i k+1]k+1°

Xi gttt =Xo \ (Xijpt1ipr1U
0 LIA

D CIURTIRRUD CRURTINEY (32)

as the set proved not to contain the state of target
i, Le., x; we1 ¢ Xijrt1)k41, where, by convention,
Xijkt1lk+1 = 0 when j & L; j41. We also introduce

ng+1\k+1 =Xo \ (ngJrl\kJrl U Xi7k+1|1c+1) (33)

the set proved not to contain the state of any unidentified
target.

Considering UAV i, for any target j € L;i1jx+1, ONE
knows that either x}7k+1 € Xijkt1]kt1, OF x}7k+1 €
XV X

ik+1]k+1
has X;’,k+1 ¢ Xijk+1/k+1. Similarly, considering UAV

t
or X;;.q1 € Xjgi1k41. Moreover, one

(e Afi{kﬂ’ i.e., such that j € Ly 41k41, One has ei-
t t U

ther Xipt1 € X jkt1|k+15 OF Xikt1 € X&k-ﬂ,—l‘k)—&-l’

or x;7k+1 € X47k+1|k+1. Moreover, one knows that

x;},ﬁl ¢ Xy jk+1)k+1- Consequently, for UAV i and any
target j € ﬁik+1|k+1’ X j.k+1 1s evaluated as the union of
all possible state values accounting for the measurements of
the identified target j, deprived of the union of all sets which

have been proved not to contain target j at time k£ + 1, i.e.,

U Xejrrpn\ U Kejmsprn
CeN? uli} CEN k41U{i}

i

Xijkt1 =

(34)

The list £; ;1 1)x41 of all targets j known to UAV ¢ has to
be updated from E:“k 1kt accounting only for estimates
X j,k+1 Which are not empty

Liwir = {5 € Lhppon [ Kign 20} 39
The update of XE ket 1ot ,is evaluated as the union of the set

estimates of unidentified targets reduced by the space which
is proved not to contain any unidentified target, i.e.,

U —
Xz‘,k-u -

U X\ U X GO
ZENLIH,lU{i} fENi,k+1U{i}

Finally, the update of XMHI k-1 1s the intersection of the
unexplored space of UAV i and that of its neighbors

Xik41 = ﬂ

EENi,kJrlU{i}

Xe k1 k41 37

Fig. 7 illustrates the sets resulting from (34) and (37)
for two cases. The size of X ;11 may be smaller than
X jk+1|k+1 8s it is the case in Fig. 7 a), when some sub-
sets of X ; x11)x+1 have been proved by another UAV not
to contain a target. It may also be larger, as is the case in
Fig. 7 b), where UAV ¢ has obtained measurements leading
to another hypothesis on the state estimate of target 7. The

evolution of ng 41 from ng k41 could be illustrated

with similar figures. The size of X; ;1 is always reduced
compared to that of X; 14 1|k+1-

4.4 Algorithm

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

4.5 Accounting for delayed information

In case of reception of delayed information from another
UAYV, the estimation technique has to be significantly up-
dated. A solution similar to the state augmentation approach
considered in [25] may be proposed in our set-membership
estimation context. For that purpose, we assume that the
UAVs have synchronized clocks, update their estimate pe-
riodically and synchronously, and that the transmitted data



Xi,k+1|k+1 Xz‘,k+1|k+1
o] = Xz‘,j.k+1|k+1 ~ Xi,j.k+1|k+1
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Fig. 7. Set estimates evaluated by UAV ¢ and ¢ before commu-
nication (two top subfigures of each column) and after commu-
nication and update (bottom subfigures); (a) X; j r+1 is smaller
than X; j x41jk+1 since some subsets of X ; ;1 1jx+1 have been
proved by UAV £ not to contain a target; (b) X; ; x1 is larger than
X jk+1/k+1, since UAV ¢ has to account for the two different
hypotheses on the state estimate of target j.

Algorithm 1. Robust Cooperative Bounded-error Target Localiza-
tion and Tracking
RoCoBoTLOT (L; i, X; iy Xi k)

Input: L; o, X; 1o, XY, and X;
Output: £; 11, Xikt1s XEI«H’ and X; 11
Prediction step
1 Liktis = Lik
2 Xijkt1ie = £ (Kijix, [Vi]) N Xo, for all j € L; jpajx
3 X = £ (X}J,ks [Vk]) NXo
4 Xipripe = £ (X, [vi]) N Xo
Correction step from measurements
+
5 Lk = Ligerre U Dl
6 Forall j € L}, .\,
7 X jk+1/k+1 updated as in (22)
8 Lik1jk+1 = {j € Ll Kijsjern # V)}
9 XY, k41jk+1 updated as in (27)
10 Xikperr = Xikripe Vi 1)
Correction step from communications
+ _
11 Ei.k+l\k+l = U Lot
LEN; k+1U{i}
12 Forall j € £} 1114
13 Xijk+1 = U Xejrrrpee\ U Xejrrijpe
eeN?, Ui} LEN; k1U{i}
14 Liky1 = {J' € ‘Cj?k+]‘k+] [ Xi k1 # @}
U _ U U
15 Xk = U X kr1kr \, U X/Z,k+1|k+1
CeNT UL} LEN k1 U{i}
16 Kikr1 = X 1kt N Xekr1le+1
LEN; ky1U{i}

are properly time stamped. Moreover, only information with

a delay 6 less or equal than & time steps are processed to
limit computational complexity.

At time k, UAV 1 has to maintain the sets £; r—s, X; k—s,
ng_é, and X; ;,—s5, 6 = 0,...,0 corresponding to the es-
timates at time k£ as well as the estimates at time k — §,

§=1,...,5. Assume that UAV i receives Ly s, Xok—s'
X}{kfé” and Xy _s from UAV ¢ # i at time k, with
&' € 10,6]. The sets Lo p—s, Xojo—s, ngﬂ;,, and Xy ;g
can be used to update £; s/, X; r—s' ngﬁ,, and X; j._ g
using the procedure described in Section 4.3. These updated
sets can then be used by UAV ¢ to further update L; 15,
Xik—s, X5, and Xik—s,0=0"—1,...,0. This is done
for each value of ¢ using the prediction step described in

Section 4.1 and the correction steps from communication
described in Section 4.3.

Processing delayed measurements significantly increases the
computational complexity, as it is also the case in the state
augmentation approaches considered in [25].

5 Cooperative control design

The aim of the control design for the fleet of UAVs is to
decrease the estimation uncertainty as much as possible. To
achieve this task, we will consider the problem of determin-
ing, at each time k and in a distributed way, the sequence
of control inputs which minimizes the predicted estimation
uncertainty (11) at time k + h

N,

_ 1 Q _

Dy = ~ E @ (Xi,lc-&-haxngrhaXi,k-i-h) , (38)
Ui=1

where h > 1 is the considered prediction horizon.
UAVs have no access to all the terms of (38), thus each
UAV 4, i = 17.;,Nu, will try to minimize the term
‘E(Xi,kJrh,XHHh,Xinh) given by (10).

We consider the distributed Model Predictive Control (MPC)
formalism introduced, e.g., in [26,6] to predict the evolution
of (10). In the proposed set-membership estimation context,
some simplifications are introduced to do so. We will first
consider an h-step ahead prediction ignoring communication
between neighboring UAVs. Then the impact of communi-
cations will be taken into account in the Set-Membership
Model Predictive Control (SM-MPC) approach.

5.1 Control input design ignoring future communications

When the communications in time steps k + 1,...,k + h
are ignored, the control inputs of each UAV can be designed
independently. Obviously, the communications which have
previously occurred are taken into account.

At time k, UAV i has access to L; , X, XPk, and Xi,k.
Using a prediction step described in Section 4.1, UAV i
is able to evaluate L; p 11 = Lik> Xijrt1ks J € Liks
ngﬂ‘k,and Xz}kﬂlk- Then, for a given control input u; ,
UAV 1 is able to get a predicted value x‘ji 41 of its state
X; 41 at time k£ + 1 and to infer the corresponding field of
view IF; (x‘;Z +1)- Nevertheless, UAV i is unable to determine
whether it will observe new or previously detected targets in
Fi(x;},1)- Consequently, in the update from measurement



equations gescribed in Section 4.2, only S5 in (21), Sg in
(26), and X; 14 1|x+1 in (28) can be inferred accurately as
follows

Xy i kratkar = Xigetafe \Fi (X;‘l:£+1) J €Lk (39)

gfﬁ-llk-i-l = X1 \ Fi ( i k:+1> (40)

Xf,k+1|k+1 =X, pr1pk \ Fi (X‘;:kH) . 41)

If X, = X then XPoy 0y © Xijrrahns
Xglf+1|k+1 C X hpajhsr» and Xj,k+1|k+1 = Xi k1 kot 1-

Using the previous approximations, a predicted estimation
uncertainty for UAV 7 at time k£ + 1 may be evaluated as

P U,p P _
@ (Xi,k+1\k+1vxi,k+uk+1:Xi,k+1|k+1) =

(v,

Despite the approximation performed in the evaluation of
Xf,j,k+1|k+1’] € L, and X1 i1k the contribution of
the missing part of these sets is usually negligible compared

P U,P <P
Xi,j,k+1|k+1) UX 1kt UXi,k+1k+1> . (42

Sal . .
to that of X; ;454 in the evaluation of ®.

In order to compute (42) more efficiently, at time &, consider
the set, known to UAV i,

X = (Ujec,, Xiga ) UK UKo, @93)
aggregating the states of all detected targets and the states
of not yet detected targets. Exploiting the target dynamics
(2) and the common bound on the state perturbation [vy],
the predicted value of Xﬁk in (43) at time k£ + 1 is

X2 = B (X [Va]) NXo. (44)

Considering (13), (14), and (15), one observes that

X = (Ujegl,k Xi,j,kﬂ\k) UXY i Uik (45)

Now, introducing the corrected set at time k + 1

Xi = X perrn \ Fi ( 1k+1)

i k+1]k+1 (46)
where the superscript * indicates that this is a predicted value
of XZ Jb 1|17 relying on the various assumptions consid-
ered in the proposed SM-MPC approach. Combining (45)
and (46), one easily shows that

AP U X
X kb1 = (Ujeﬁi.k Kijhare UK U X’iv’“+1|’f>
\IF ( 7 kJrl)
_ p U,p el
= UjeLM. Xz’,j,k+1\k+1 U Xz k1| k—+1 U Xi,k+1\k+1'
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Introducing Xz ket = Xf,f +1|k1- the predicted estimation

uncertainty for UAV i at time k£ + 1, provided by (42), is
also given by ¢ ( ik +1)' Consequently, considering X?)k,

instead of A j, Xz} 4> and X; . and applying the prediction
step (44) and the correction step (46) to Xﬁk is sufficient to

evaluate the predicted estimation uncertainty for UAV ¢ at
time k + 1.

The previous approach may be applied iteratively on
XZA,LH , to evaluate the impact of u; 4, s =1,...,h—1
on the predicted estimation uncertainty for UAV ¢ at time

k + x, which provides Xﬁ’,&rh when x = h — 1. Thus
an estimate qS(X‘;éh) = P( zk+h7X?l§+h’X§,k+h) of
@(Xi,k+h,ng+h,Xiyk+h) is deduced. Then UAV i may

search the sequence of control inputs (W; g, ..., W; k+h—1)
minimizing
J (Wi gy ey Wi pno1) =
AP AP
¢ (Xz k+h) +ad ( ik X k+h> 47
P
where Xz e, and Xl;,k-&-h depend on (W, g, ..., Wi gpth—1)-

In (47), d (x, X) represents the Hausdorff distance between
the vector x and the set X. The first term of J repre-
sents the predicted estimation uncertainty for UAV ¢ at time
k 4+ h. The second term is introduced to drive UAV i to-
wards Xl %1 n- This is useful when the first term of the cost
function remains constant, whatever the sequence of inputs
(Wi, .., ktn—1). The parameter o adjusts the impor-
tance of the second term.

5.2 Control input design accounting for communications

Assume that some UAVs in a subset N7, C N of neigh-
bors of UAV ¢ have already computed and transmitted their
own control inputs (W, ..., U krh—1), £ € /\/;Ck, as well
as their state value at time k. To evaluate its own sequence
(Wi k, ..., kyn—1) of control inputs, UAV ¢ will now ac-
count for the information that will be provided via com-
munications at the steps k& + x by the agents in N, Ck o
k =1,..., h. Nevertheless, some UAVs in N may not be
able to commumcate with UAV ¢ at some predlctlon steps
k = 1,...,h. We have thus to predict for each x, the set
of UAVs with which UAV ¢ will be able to communicate.
For each UAV / € M «» consider the sequences of con-
trol inputs (Ug’k, ce Ug,k+h,1) and (uLk, .. ,ui7k+h,1),
as well as the states xj , and x; .. UAV i can evaluate x‘é’i i
and x;° k+n’ the predicted values of x; , - and x; ;. ., for
k =1,..., h. Then, using the communication condition ),
the set of UAVs with which UAV i can expect to be able to
communicate at time k + x, k = 1,...,h, is

J\/‘i]?k+m = {g € M k |C( i k+n’X22+x> > 0} . (48



LIP u
i,k+K i,k+kK and xZ,k+m - Xl N ¢ € '/\/’Lk’ Kk =

, h, the set ./\/Z-7k+,_C is a subset of NV; j4, since UAVs

that are not in N5, may also be able to communicate with
UAViattime k+k, k=1,...,h.

Ifx = X,

At time k + k, for the correction step from communications,
we consider that UAV ¢ is only allowed to account for the
FoV Fg(x‘é’;; +) of UAVs with index £ € N, .. All infor-
mation that the neighbors of UAV ¢ may receive from their
own neighbors, not belonging to /\/'fk L 18 thus ignored.

Attime k, UAV ¢ can compute Xﬁ i using (43). Applying the
prediction step (44) and correction step from measurements
(46), we get XA k+1\k and XAk+1|k+1 UAV ¢ will receive
x} ;. and uy ;. from all UAVs with index £ € A7, ,, from
which the FOV F, (x?’i +1) is deduced. Ignoring possible de-
tection of new or previously detected targets in Fg(xz:i 1)
UAV i simply accounts for the reduction of the size of the
search space provided by Fg(x‘lf:]; a)hle ./\flP;C 41 to evalu-
ate Xé’,f 1 similarly to (46), so as to get

XAP

k1 (49)

= X;, kL \ Uze/\/f’k+1 e (Xz k+1)

In this SM-MPC approach, UAV ¢ processes the FoVs of its
neighbors as its own FoV.

AP
Xz k+r—1

i kbr of u; p4.—1 as
well as ug jyp—1, £ € ./\/ch and k = 2,...,h. UAV i then

searches the sequence of control inputs (u; g, . . . , W k+h—1)
minimizing (47).

As in (5.1), this process may be iterated from

to further evaluate the impact on X2

5.3  Practical issues

The order in which the UAVs compute their control inputs
at each time step k£ has to be determined. Assume that UAV
i has access to N from previous communication. The
considered suboptimal distributed approach for UAV i is to
compute its control inputs only once it has received the pre-
dicted control inputs from all UAVs in N; ;, with a smaller
index, i.e., from all UAVs with index in N5, C N .

In each Ny, i = 1,..., Ny, UAV i is able to determine
whether it has the smallest index. If this is the case, UAV ¢
evaluates and communicates its control input

uP
zk+h I

where the minimizationisoverall u; ;, € Up, ..., 0 k1n—1 €
Up—1, without accounting for the presence of its neigh-

bors. In practice, to lighten computations, Uy, ..., Up_;

are chosen as discrete subsets of U, the set of admissible

control inputs. Then, one of the UAVs with index ¢ € Mk

¢ > i can determine (Ugk,...,U¢k+n—1) Minimizing

J(X?,erh, ;2+h), accounting for (U;k,..., U k+h—1)
provided by UAV 1.

™ 3 : AP
(Ui k- -+ Up kh—1) = argmin J (XZ s
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6 Simulations

The performance of the proposed approach is evaluated via
simulations.

The targets move on the ground with a speed module V'
assumed constant. At time k, (2} ;,2%, )T are the co-
ordinates of target j, z', , is its heading angle, o', , its
yaw rate. The yaw rate derlvatlve xt k5 follows a random
walk with input v;; uniformly distributed in the interval
[—m/8,7/8] s72, i.e., v ~ U (—7/8s72, /837 ?) . The
target state vector x; % evolves according to

t d t t
T + T cos (mj,k,S) 14

C’/’lj,k+1,1

av‘j’kJrL2 x‘]kQ + T9sin (m;k3) vt
i1 | = st watj,k,4 ’
z‘j,k+1,4 wtj,k,4 + Tdmtj,kﬁ

T k15 Vi,k

where 79 = 0.05s. The state of UAV i at time k consists

of its coordinates (z}, |, 5,2}, )7, flight path angle
4> heading angle 23, -, yaw rate a7, 5, and yaw rate
derivative z; , .. The control input is applied to z , .. The
UAV state vector X} ;. evolves according to

T py1n w1t T4 cos ($$,k,4) cos (act‘yk,s)) v
T kg2 @4 o + T cos (‘UL" k 4) sin ($3k5) vt
T ht1,3 T st T¢sin <$1 k, 4) ve
Trta | = T

T 1,5 a5 T

T3 k1,6 af o+ T o

T3 1,7 Ui,k

The altitude z; ,, 5 = 100 m, the flight path angle =/ ;. , =0,
and the speed module V" = 16.6 m/s are assumed constant.

The UAVs are equipped with identical optical sensors able
to detect targets within their FoV. The sensor opening angles
are equal to 7/4 in both azimuth and elevation. A noisy
measurement y;,;x of (2 1,2, )T is obtained with a
noise w; ; r ~ U (—5m,5m) when a target is detected, as
described by (5) and (6). A target is detected and identified
at time k£ when (3) is satisfied, where

(Xlil,k - X},k)T a;

7,k
=[xt =5l [l ] (cos A5) - 50

95 (X3 s X5 ) =

represents a half circular cone of R? with a small aperture
2)\; = /60, to make identification of targets more difficult.

The cone vertex is xg , and its axis is

aik = (sin 7; cos (a:tj,kﬁ + ,Bj) ,
siny; sin (a5 5 + ;) , c0s7;,0,0,0)T,  (51)



with azimuth 3; ~ U (—n/4,7/4) and elevation angle v; ~
U (27 /60, 37/60).

The false targets evolve according to the same dynamics as
the true targets. False targets are detected and misidentified
when (4) is satisfied, where

Qg (X?,kvxfz,k) = (Xl;k - Xﬁe,k)T ag,k

— [t = x| [fad ]| (cos AGE)  52)

and

q£ (x;l,lwxg,k) = (Xli],k - sz,k)T ag.,k

— [t = i lafell (cos A5T) . (53)
where 2\5¢ = 7/30 and 2)\; = 7/60. In both cases,

aﬂ_’k = (sin ¢ COS (mg,kﬁ + 54) ,

sin e - sin (2}, 45 + Be)  c057¢,0,0,0) ", (54)

with 8 ~ U (—m/4,7/4) and v, ~ U (27/60, 37/60).

In the communication condition (9),
u u _ C u u
c (Xi,kaxl,k) =d —d (Xi,lwxé,k) )

where d° = 200 m is the maximum communication range
and d (X‘; 6> X7 k) is the distance between UAV ¢ and /. The

communication delays are neglected. The prediction horizon
for the SM-MPC is h = 2. The control input is computed
with a period 7° = 0.5 s equal to the communication period.

The search area is a square of 400 x 400 m?. The simulations
have been carried out in Matlab. Matlab’s polyshapes is used
to represent sets. Polyshapes simplify the handling of sets in
R? regarding Boolean and geometrical operations. In higher-
dimensions subpavings, i.e., unions of non-overlapping in-
terval vectors [22] can be used.

The parameter of the cost function (47) is a = 0.0001,
to give more importance to the reduction of the set esti-
mates. Video sequences associated to the simulations are at
https://drive.google.com/drive/folders/
11FtrPrROJ2uXHquSRiZU2FSydXEFXIPcB?usp=
sharing

The results for each setup of the following simulations were
obtained for 30 independent simulations with uniformly dis-
tributed initial locations of the targets and UAVs.

Impact of the fleet size

Fig. 8 (left) shows, for different numbers N, of UAVs, the av-
erage value and standard deviation of ®;, as defined in (11),
considering 3 true and 3 false targets with V' = 1 ms~1.
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Fig. 8 (right) details the contribution of ¢ (X;) =
S 6 (Ri) /Nuw & (XY) =S¥ 6 (XV,) /i and
6 (k) = S0 6 (Us,, e, Kok ) /Nut0 B
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Fig. 8. Left: Mean values (line) and standard deviation (shaded
area) of ¢, evaluated for 30 simulations with 3 true targets, 3 false
targets, and 2 to 6 UAVs. Right: Mean values of ¢ (Xk), ¢ (Xlkj),
and ¢ (Xj) evaluated with 3 true and 3 false targets, considering
2, 4 and 6 UAVs.

Considering the size of the search area and the relative speed
of UAVs and of targets, within 400 s, from Fig. 8, at least 5
UAVs are necessary to eliminate X; ;. Fig. 8 (right) shows
that the growth of Xi, 1 between consecutive observations is
too fast to allow 3 UAVs or less to fully eliminate it. The
variance of the estimation uncertainty @y, is the largest for
4 UAVs: ¢ (X@ k) may or may not converge to 0 depending
on the simulations. Videos illustrate both cases (see video
FleetSize_4_1 and FleetSize_4_2).

The initial growth of ¢ (Xg) in Fig. 8 (right) is always faster
then the initial growth of ¢ (Xj) since initially, targets are
more likely to be unidentified: target identification requires
additional measurements. When ®;, converges to 0, the size
of X} also converges to 0 at some time instant when all
false targets are identified and removed from XY, and all
true targets are identified and belong to X.

Additionally, the video FleetSize_10_1 shows the perfor-
mance of 10 UAVs tracking 10 true and 10 false targets.

Impact of the target speed

Fig. 9 (left) shows the evolution of ®,, for different values
of V'. The simulations are carried out with 3 true targets, 3
false targets, and 6 UAVs.

The relative speed of targets and UAVSs significantly impacts
the value to which CIik converges. When V' = 1.8 ms™1, in
all simulations, ¢ (Xk) does not convergence to 0. When
Vi=1.6ms™!, ¢ (X) converges to 0 only in some simu-
lations (see video TargetSpeed_1).

Impact of the number of false targets

Fig. 9 (right) shows the evolution of ®; for 0, 3, and 6 of
false targets. The simulations are carried out with 3 true


https://drive.google.com/drive/folders/1lFtrPrR0J2uXHquSRiZU2FSydXFXIPcB?usp=sharing
https://drive.google.com/drive/folders/1lFtrPrR0J2uXHquSRiZU2FSydXFXIPcB?usp=sharing
https://drive.google.com/drive/folders/1lFtrPrR0J2uXHquSRiZU2FSydXFXIPcB?usp=sharing
https://drive.google.com/file/d/1sGyF78ohwM0nPG9rzsseAQIPHH53bVzC/view?usp=sharing
https://drive.google.com/file/d/1q7FKuOnKL_dsy3E2zaPrGoi8_jGM5_gh/view?usp=sharing
https://drive.google.com/file/d/1LX0SrvEHuHnlG3l3qwQg4S2bc_TZEwFX/view?usp=sharing
https://drive.google.com/file/d/1PTsrzc63uWYnO25Igmb9M1pClFuHMLIu/view?usp=sharing
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Fig. 9. Mean values (line) and standard deviation (shaded area) of
®;, evaluated with 3 true targets as well as (left) 6 UAVs, 3 false
targets, and different values of the target speed module V"', (right)
4 UAVs, from 0 to 6 false targets, and V' = 1ms™!

targets, 4 UAVs, and Vt=1ms™!. The convergence speed
of @, is affected by an increased N¢. This phenomenon is
mainly due to an increase of ¢ (X}j) with Ny.

Mismatch of the measurement noise bounds

Fig. 10 shows the mean of ®; for different values for the
measurement noise bounds [w; ;] and different assump-
tions on the box [w; ], known to the UAVs, such that
(Wi jk] C [Wix]. One considers 3 true targets, O false tar-
gets, 5 UAVs, and V' = 1ms™!.
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Fig. 10. Mean value of @ (left) and of ¢ (Xx), ¢ (X)), and
¢ (X) (right) evaluated for 30 simulations with 3 true targets, O
false targets, and 5 UAVs for different measurement noise bounds
[w; ;%] and different assumptions [w; ] on [w; j x].

For small values of ¢, the decreases of @}, are similar, since
initially they are mainly due to the decreases of ¢ (X}).
When ¢ > 100 s, the curve of @, obtained for [w; ;5] =
[w; k] = [-20m, 20 m] is above that for [w; ; x| = [W; ;] =
[—5m, 5m)] since large noise bounds lead to larger values
of ¢ (X}) and ¢ (X}), as observed in Fig. 10 (right). A
mismatch of [w; ; 1| and [w; 1] leads to the slowest decrease
of @, due to the overestimation of [w;_; ;| which does not
allow an efficient reduction of ¢ (XY) and ¢ (Xj) when
measurements are exploited.

The simulations show that the state of a true target was
never outside the set estimates in any simulation as long as
Wikl C Wikl If [w;;x] € [w;] then all targets are
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Fig. 11. Mean values (line) and standard deviation (shaded area) of
®,. evaluated for different values of the communication distances
d® when 6 UAVs are exploring an area with 3 true targets and
3 false targets (left), and of the computation time of the control
inputs for 1 to 3 UAVs with 3 true targets and no false targets
(right), average over 30 simulations.

lost at some time instant, which provides a mean to detect
erroneous estimates of the noise bounds.

The video NoiseBoundMismatch_1| shows the performance
of the state estimator for a large mismatch of [w; ; 5] and
[Wzk}

Impact of the communication distance

Fig. 11 (left) illustrates the detrimental impact of a reduced
communication range between UAVs on the decrease speed
of ®; when 6 UAVs are exploring an area with 3 true targets
and 3 false targets. The reduction of d° leads to a less efficient
information sharing and thus to a redundant exploration of
some areas by several UAVs unaware that these areas were
already explored. A video illustrates the performance of the
fleet when d° = 50 m (see video ComDist_50).

Processing time of the control input

Fig. 11 (right) shows the mean and standard deviation of the
evaluation time of the control input with 3 true targets, no
false target and from 1 to 3 UAVs with V' = 1 ms™!,

One observes that the average total computing time is almost
constant with time. The computing times for 2 and 3 UAVs
is about three and five times that with a single UAV. This is
due to the fact that in the predictive control scheme, once
UAV 1 has computed its control input, UAV 2 will have to
evaluate the impact of this control input when evaluating its
own control input, while UAV 3 will have to evaluate the
impact of the control inputs of UAVs 1 and 2.

The video SimpleBaselineMPC_1| shows the performance
of the search and track task when the evolution of the set
estimates and the control input from the neighbors are not
taken into account in the control design.

7 Conclusions and perspectives

This paper presents a distributed set-membership approach
to search and track targets using a cooperative fleet of UAVs.
The presence of false targets, which may be confused with
true targets, is taken into account. When a target is detected


https://drive.google.com/file/d/1K_KOMvPa5hHXTOoMRPsazhPxXaITpoKX/view?usp=sharing
https://drive.google.com/file/d/1p4fpiwbPbOEYdMUAlqjb5EB8fywYdMED/view?usp=sharing
https://drive.google.com/file/d/1hv70-MhVBGkPnoQHtA5MrYsiuYtGVXss/view?usp=sharing

in the field of view of a UAVY, it is identified as a true or
false target only when observed under specific conditions.
In the proposed set-membership approach, each UAV main-
tains several set estimates: one for each detected and identi-
fied true target, one for detected but not yet identified targets,
and one for not yet detected target. This last set estimate cor-
responds to the subset of the state space still to be explored.
Using the information available to each UAV (coming from
its sensors and information shared by its neighbors), these
set estimates are updated so that, at each time step, UAVs
can have estimates as precise as possible of the states of
tracked targets.

A distributed set-membership model predictive control ap-
proach is considered to compute the trajectories of UAVs.
The evolution of the set estimates for each UAV is evalu-
ated accounting for the impact of its own future measure-
ments and of future measurements shared by its neighbors.
The control inputs minimize a measure of the volume of the
set-membership estimates predicted h-step ahead.

Simulation results show the efficiency of the proposed ap-
proach. The impact on its convergence of the relative speed
of targets and UAVs, of the number of UAVs and of false
targets, of the communication range, as well as of the con-
sidered measurement noise bounds is evaluated.

In the experimental part, the UAVs were evolving at a con-
stant altitude. Allowing UAVs to adjust their altitude is pos-
sible in the proposed framework but requires a refined model
of the dependency with altitude of the detection and identi-
fication conditions and the measurement noise bounds.

Further extensions of this paper include developing displace-
ment strategies for UAVs to see the potential targets under
different points of view to determine whether it is a true
or a false target. Other extensions would be to deal with a
probability of non-detection within the field of view.
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