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Target Search and Tracking in an Unknown Environment
by a Fleet of UAVs using a Set-Membership Approach
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Abstract—This paper addresses the problem of search
and tracking an unknown number of mobile ground targets
within an uncharted Region of Interest (Rol) using a fleet
of cooperating Unmanned Aerial Vehicles (UAVs). Each UAV
embeds a Computer Vision System providing images with
labeled pixels, depth maps, and bounding boxes around
identified targets. This information is used by a set-membership
estimator to characterize sets guaranteed to contain the
locations of already identified targets and a set containing
the locations of all targets remaining to detect. A map of the
unknown environment is constructed during search to favor
exploration of areas previously occluded by obstacles.

I. INTRODUCTION

The target search and tracking in some unknown Region
of Interest (Rol) is an important problem which has given
rise to a large research activity, see [1] and the references
therein. To address this problem, fleets of cooperating UAVs
collecting measurements from different point of views have
been shown to be more efficient than a single UAV.

This paper presents a set-membership approach to search
and track ground targets evolving in an unknown but
structured environment. Each UAV embeds a Computer
Vision System (CVS) providing images with labeled pixels,
depth maps, and bounding boxes around identified targets.
These CVS outputs are directly exploited, contrary to
previous set-membership approaches [2], where simplified
sensing models have been considered. This requires
assumptions and models to relate the CVS outputs with the
environment to allow their exploitation by a set-membership
estimator [3]. One obtains sets guaranteed to contain the
locations of identified targets and a set containing all possible
locations of not yet detected targets. A set proved to contain
no target is also provided. Based on this map and on the sets
previously calculated, the trajectories of the fleet are then
designed using a Model Predictive Control (MPC) approach
[2] to minimize the target location uncertainties. Compared
to [3], this paper exploits an occupancy elevation map (OEM)
[4] to obtain a rough characterization of the obstacles. This
map is constructed during the target search. The guidance law
of the UAVs uses the OEM to predict the parts of the Rol
which may be occluded by obstacles. UAVs are then driven
into areas previously occluded by obstacles. This improves
the search and tracking performance as illustrated in the
simulations.

* Université Paris-Saclay,
91192, Gif-sur-Yvette, France
12s.centralesupelec.fr

** DTIS, ONERA Université Paris-Saclay, Palaiseau, France first
name.last name @ onera.fr

Centralesupelec, CNRS, L2S
first name.last name @

979-8-3503-1632-2/24/$31.00 ©2024 IEEE

Some related work is introduced in Section II. Section III
formulates the target search and tracking problem. Section IV
introduces some hypotheses and models of the targets, the
UAVs, and the CVS. Section V describes the way CVS
information can be used in the set-membership estimator
described in Section VI. Section VII presents the evaluation
of the guidance law of each UAV. Simulation results are
provided in Section VIII before the conclusion in Section IX.

II. RELATED WORK

Various estimation techniques for the localization of
targets have been proposed such as stochastic approaches
with grid-based probability map [5] or probability hypothesis
density filter with random finite sets [6], or with
alternative set-membership techniques [2] assuming bounded
measurement noise. When the Rol is cluttered, trajectories
which avoid collisions while maximizing the information
collected have to be designed [7]. Without available map,
environment mapping and target search and tracking have to
be done simultaneously as in [8], where the Rol is mapped
with an occupancy grid. Nevertheless, accurate 3D maps of
some unknown Rol with an occupancy grid raises storage
and computation issues for UAVs [9]. In [4], an OEM is used.
It requires less storage but the representation of obstacles is
less accurate. Alternatively, mapping is avoided in [10], by
considering groups of UAVs, each observing a part of the
Rol with complementary viewpoints. This requires, however,
a much larger number of UAVs.

Many prior works addressing the Cooperative Search,
Acquisition, and Track (CSAT) problem [10]-[12] assume
that UAVs get directly a noisy measurement of the state
of targets present in the Field of View (FoV) of their
sensor. The way these measurements are obtained is often
overlooked. Consequently, the characteristics of the assumed
measurement noise are difficult to justify.

Several techniques have been proposed for target detection
using a CVS system. For instance, [13]-[15] exploit some
specific pixels belonging to a 2D bounding box containing
the pixels associated to the target. The bounding box is
provided by target detection techniques [16], [17], but the
pixel selection is often heuristic and may lead to relatively
large localization errors. Deep learning algorithms are able
to estimate the location and orientation of vehicles [18]
from images and depth measurements. Nevertheless, these
algorithms may provide erroneous estimates. Moreover,
several approaches introduce probabilities of non-detection
and of false alarm [6], [19], [20], but their value is difficult
to characterize, since the performance of target detection
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techniques depends on the observation conditions and on the
efficiency of the embedded CVS [7], [21].

III. PROBLEM FORMULATION

Consider an environment equipped with a frame F, in
which a fleet of N" UAVs, each equipped with a CVS, is
tasked to search and track a fixed but unknown number N'
of ground targets located in a Rol Xy C R? x Rt with a
flat ground X, = {x € X | x3 = 0}. The Rol contains an
unknown number N° of static obstacles. SO, C Xq is the
shape of the m-th obstacle, i.e., the part of X it occupies.
The sets NV, N, and N° respectively gather the indexes
of UAVs, targets, and obstacles. The time is sampled with a
period T" and k refers to the time index.

At time t;, = kT, assume that the knowledge UAV i has
about its environment consists of a list £; , ; of indexes of
targets already identified. For each j € El p—1> UAV ¢ has
access to a set estimate th k-1 C X, contafning the location
of target j at time t5_;. A set XZ, x—1 C X containing the
locations of targets still to be identified at time t;_; has also
been evaluated. Finally, UAV ¢ has a map M, ;_; of the
Rol, approximating Xy U |J,,,cr S5, All these sets exploit
the information collected or exchanged up to time tg.

Accounting for the dynamics of targets, a predlctlon
X”k‘k 1 of Xi ik, J € [,Zk , and a prediction sz“c 1

of XM can be evaluated.

At time ?j, the camera of UAV 4 acquires an image I, j
of a part of its environment. Its embedded CVS generates
then a depth-map D;; [22], an array of pixel labels L;
[23] a list D‘ & of 1ndexes of identified targets, and a list

ix =10y k]}jepi’k of bounding boxes around identified
targets in I; 5 [14], [16], [17].

Using this new information, UAV i evaluates /:’ti,k| =

L -1 YD and updates X ., , , to get X ., , for all

targets j € L; ), as well as Xz,k‘kfl to get X;’k‘k. An
updated version of the map M j;, is also obtained.

Then, UAV ¢ broadcasts the updated set estimates and the
map to its neighbors with indices in N; , C A'". From similar
information received from its neighbors, UAV ¢ can evaluate
ﬁ;’k, X;Jk for all j € Q’k, X;yk as well as M, .

The aim of this paper is to design the trajectories and
guidance laws of UAVs minimizing the target location
estimation uncertainty evaluated as gi)(Xz rUU je .

where ¢ (X) is the area of the set X C RZ.

A distributed solution to evaluate the guidance laws of
UAVs is proposed in what follows. Hypotheses and models
related to the targets and UAVs are first introduced in
Sections IV-A and IV-B. Then, hypotheses on the relation
between the output of the CVS and the elements of the
UAV environment are introduced in Section IV-C. These
hypotheses are instrumental in the characterization of the
set estimates and of the map managed by the UAVs.

X;,j,kL

IV. HYPOTHESES AND MODELS

In what follows, vectors with no superscript related to a
frame are implicitly expressed in F.

Fig. 1. Unknown shape S} (x! "), center of mass .

, and location m;q of
target j. The purple dot represents the part of S‘]( tj) seen by the UAV.

A. Target model

At time ty, the state of target j € N'is x} &~ It contains the
vector a:; i of coordinates of the center of mass of target j.
The targets are assumed to evolve on the ground X, and
never leave Xy nor enter in any obstacle. The location :c[ gk =
Py(x} ;) of target j is the projection of z’ ; on X, and is
assumed to evolve as

aE = (2,0 ,), (1)

where f* is known and v ;. Tepresents some unknown control
input only assumed to belong to a known box [ 4.

The space occupled by target j is S‘( x;r) C Xo
and depends on x| ,. We assume that xi ) € S y)-
Nevertheless, the target location "% ik does not necessarlly
belong to SY(xj ; ), as in the case of cars, see Figure 1. The
type of targets to be localized is usually known and some
information about their dimensions is assumed available: For
any target state X} ;, Sj(x} ;) C C‘( %), where CY(=! k)
is the vertical circular right cyhnder of known height h' and
radius 7' with basis centered in wtjgk

Moreover, we assume that targets always remain at a
distance larger than r¢ to other targets and to obstacles of
the environment.

B. UAV model

At time ¢y, the state of UAV 4 € N'" is x} ;. It is assumed
perfectly known by UAV ¢ and to evolve as

X gy = (x3 g, ul ), (2
where f" is known and u} . 1s the control input constrained
in the set U. The vector xi . contains the location of the
center of mass xj ; of UAV i. The space occupied by UAV i
is S(x},). A body frame F7, with origin x}  is attached
to UAV 4. The rotation matrix from F} to F is MZ,.

M 1 1s the set of indexes of UAVs with which UAV 7 1S
able to communicate at time ¢;. We consider that ¢ € M k-

C. Model of the CVS

Each UAV is assumed equipped with identical camera and
CVS. The time index k is omitted in this section.

1) Camera model: A pinhole model without distortion
[24] is considered, where F is the camera frame and x; is
the vector of coordinates of its optical center. The FoV of
UAV 1 is described by a half-cone of apex x{ and with four
unit vectors vﬁ, {=1,...,4,ie.,

F(xj) = { S 1aeMFw |ageR+} 3)
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Fig. 2. Pinhole model of the camera and several light rays (green, red and
blue) contributing to the illumination of the pixel (n,nc) highlighted in
gray. The quadrangle P£ ((nr, nc)) is defined in Section V.

where M’;L = M;Mg and Mf__fc, is the rotation matrix
from FP to Ff. A function D, (x5, a:) is assumed available
to provide the coordinates in the CCD array of a point « €
F (x}), see, e.g., [25]. The notation p. (x},z) € (ng,ne),
with € F(x}), indicates that the projection of = on I,
belongs to the pixel with coordinates (n;,n.) € N, with
N ={1...N} x{1...N.]}.

Considering the pinhole model, each light ray passing
through «$ and illuminating the CCD array at (z,y) €
[0, N¢] x [0, N;.] can be modeled by a half-line of direction

1 (%_x)/fc

(=) /f |, 4)

T3 - -

where f. and f; are the camera focal lengths (in pixels) and
v (z,y) is a normalization coefficient. Figure 2 illustrates the
illumination of a pixel by two different light rays.

2) Depth map and bounded-error range measurements:
The part Sgat = Xy U UpeneSh U Ujenr Sj (x}) U
Usenn S" (x3) of the environment that UAV i is able to
perceive consists of the ground, the obstacles, the targets,
and other UAVs. The distance between x; of the camera
and Sge along v € V;(ng,ne), for any (n;,n.) € N,
is p (x§,v) = dy (5, Sror) ,where d,, (x,S) is the distance
from a point € Xj to the intersection of the set S along
the half-line of origin = and direction v.

We assume that each element D; (n;,n.) of D; satisfies

D; (nr,ne) = D? (nr,me) (14 w) &)

where DY (n;,n.) = p(x!,v) is the distance between x¢
and Sror along some unknown direction v € V; (n,, n.). The
noise w is assumed to belong to the known interval [w, W].
Consequently, DY (n,, n.) is contained in the interval

D () = | 315

l1+w' 1+w
and represents a bounded-error
associated to the pixel (n,n).

3) Classifier: The array of labels L; is obtained at the
output of a classifier. Each element (n,, n.) of L; is assumed
to belong to one of the following classes: Ground (G), Target
(T), Obstacle (O), and Unknown/Not Labeled (U). The last

:| Dl (nr; nc) ) (6)

range measurement

class is for unclassified pixels due to a lack of confidence.
Then, four sets may be deduced from L;, namely yf, ;, 2,
and );' gathering coordinates of pixels respectively labeled
as Ground, Target, Obstacle, and Unknown/Not Labeled.

Moreover, we assume that if a pixel (n;,n.) € yf , then all
light rays illuminating pixel (n.,n.) stem from the ground
X, ie.,

Yo €V (ne,ne) , p(X5,v) = dy (25, X,) . @)
Similarly, if a pixel (n;,n.) € )i, then there exists a
target j € N' such that all light rays illuminating pixel
(1r, nc) stem from SY(x} ;). ie.,

3 € N, Yo € Vi (ne,ne) , p (x5,0) = do (25, S (x51)) . (8)

Finally, if a pixel (n;,n.) € )9, then there exists an
obstacle m € N° such that all light rays illuminating pixel
(ng,me) stem from S¢,, ie.,

Im e N°, Vv € V; (e, ne), p(X5,v) = dy (25,S;,) . (9)

4) Target detection and identification: When Y} is not
empty, at least one target located within F (x}) has been
detected. In such case, the CVS may also provide a list D} C
N of identified target indexes and an axis-aligned box [V} ;]
for each j € D.. Even if )} is not empty, D} may be empty
when )} does not provide enough information to identify a
target.

Consider the set J; ; C J; of all pixels associated to
target j only. Even if the classifier is unable to provide Y} i
we assume that if j € D, then y;’j # () and that [y;J]
contains y;’ o e

jeEDI= Vi, c V] (10)

D. Assumption on observed targets

Consider some target j such that :ct]?g € F(x}). We assume
(SN &4 ] t (ot :
that the half-open segment [z, z°[ intersects SY(x}), i.e.,
t, t,
a:jg eF(x}) = [mg,mjg[ﬂ S§ (x;) # . (11)
If 3% € F (x}), then some point on S} (x}) reflects a light
ray that illuminates the CCD array of the camera (in absence
of obstacles), see Figure 1. Therefore, if :c;?g € F(x¥), then
there exists a pixel (n;, nc) such that p, (xY, :ctj?g) € (nr, ne).
Then according to (11) and (7), (n;,n) ¢ V5.

The assumption (11) is instrumental to characterize parts
of X, that cannot contain any target location. Its validity
mainly depends on the camera orientation and on the target
characteristics.

V. EXPLOITING CVS INFORMATION

This section describes the way information from the CVS
is used to evaluate set estimates of the location of targets,
sets free of targets, and to build the map managed by UAVs.
The time index k is also omitted in this section.
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DY (ne,ne) Py (e, 120))

Fig. 3. Sets P; ((nr, nc)) for different (nr, ne) € [y; ].]

A. Estimation of the location of a target

To estimate the location :c;?g of an identified target j €
D}, UAV i exploits the indexes of pixels in )} (labeled as
Target), the bounding box D)Z J] and the depth map D;. A
set estimate X} ;7 is evaluated such that :ctjg € X”;l

One first characterizes a subset of X, intersecting the
shape S, (x ;) of target j. Consider the set

P; ((ne,ne)) ={x € F(x})NXp | Fv € V; (Nr, e
dy (5, {x}) € [Dy] (nr, ne)}

containing all points in F (x})NX that may have contributed
to the illumination of a pixel (n,,n.) € I; while being at a
distance from UAV i consistent with D; (n;, n.). Figure 3
represents P; ((ng,n.)) for three different pixels (n;,n.) €
Vil

As j € D}, according to Section IV-C.4, ; ; C Jj is not
empty and y; ; C D);]] Since only )} is available, the set

12)

]P);,] = U(n nL)E[j}‘ ]ﬁy‘ ]P) ((nr)n(:)) (13)

is introduced and shown in Corollary 2 of [3] to have a
non-empty intersection with S} ( L). As 8§ (x}) is unknown,
the outer-approximation (C‘( ) of S} ( ‘-) is considered.
If some € P} NS} (x}) would be_ available, exploiting
the fact that S; ( ;) C Ct (il:;-’g), one would have z'® €
C' (pg (z)). As IP; ; is only known to intersect S} (x;) the
set estimate XE’? of m;?g introduced in Proposition 1 accounts
for the fact that = is only known to belong to IP’

Proposition 1: If j € D}, then :L‘[g € X7 w1th

X% = Xe N Uger, € (pe (@) (14)

The proof for Proposmon 1 is detailed in [3], Section IV-

A. The evaluation of X““ is detailed in [3], Appendix A and
illustrated in Figure 4.

B. Estimation of the space free of target

Using pixels labeled as Ground and Obstacle, UAV 1 is
able to characterize subsets of X, free of targets.

1) Using pixels labeled as Ground: According to (7),
pixels in V¥ have only been illuminated by light rays
stemming from the ground X,. Using (11), from yf, UAV ¢
can evaluate a subset of X, which does not contain any target
location. For that purpose, consider pixel (n, n.) and the set

Pzg ((nr,ne)) ={x cF (X;l) NXg | D (Xlz‘lzm) € (nr,ne)}

t,m
Xf._}

Fig. 4. Estimation of the location of target j: The set P! J is projected
on the ground (red set). Then p, (C") (black lines) is used to build X;"J'
(green set). The green dot represents w‘] ke

of all points of X, which may have contributed to the
illumination of (n,,n.). According to (7) and (11), for all
j € N, @3* ¢ PE ((n,ne)). Now, consider all (n;,n.) € VE.

P (V) =

Proposition 2 states that P§ ()f) is free of target.
Proposition 2: For all j € N". w;fg ¢ PE(DF).
The proof for Proposition 2 is in [3], Section IV-B. The
characterization of P§ ()¥) is detailed in [3], Appendix C.
2) Using pixels labeled as Obstacle: Since the distance
between a target and any obstacle is at least r;, UAV 1
can also characterize parts of X, free of targets using
pixels labeled as Obstacle. For that purpose, we introduce
the rs-neighborhood of a set S C X, as N(S,r,) =
{x € X | d(x,S) <r} with d(z,S) = minyes || — .
According to (9), for all (n;,n.) € )P, we have
P; ((ne,ne)) N'SY, # 0 for some obstacle m € N°. As
for Pt ., P; ((ns,ne)) NS, is only known to be included

©,7° m
in P; ((nr, ne)). Therefore, consider the set

S7 ((nr,ne) ,7s) = ﬂmE]P’i((n,,nc)) N({z},r).

defined as the intersections of the balls N ({x}, ) for all
x € P ((ng,ne)). If (ng,ne) € V2, then S§ ((ny,ne),rs)
is an inner-approximation of the 7g-neighborhood of an
unknown obstacle m € N, i.e.,

§° ((nra nC) 7TS) CN (S?n, 'rs) .

U eneneys Pi ((ne,me)) - (15)

(16)

(I7)
Now, the set

SHOZNOES U(n, ne)eye Py (¢ ((nr,mc) 5 75)) (13)

is an inner-approximation of the rg-neighborhood of the
projection on X, all obstacles located within the FoV of
UAV i. S9 (V?,75) can be proved to be free of any target.
Proposition 3: If Y? # (), then :c;?g ¢ S9 ()2, rs), for all
jeN.
The proof for Proposition 3 is in [3], Section IV-B. The
evaluation of X7 is detailed in [3], Appendix B.

C. Estimation of the hidden area

The pixels labeled Obstacle or Target result from the
observation of an obstacle or a target which may have hidden
another target. Moreover, pixels labeled Unknown may also
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correspond to a target. Consequently, as will be seen in
Section VI, it is useful to characterize parts of the ground
which where hidden, or not classified. This hidden area is
evaluated as

P (VP UYUdY) = U
(nr,me) EVIUYLUYE

P ((nr,ne)) . (19)

D. Estimation of the occupancy elevation map

UAV i maintains an OEM representation M; of the
obstacles inspired from [4]. M; consists of a covering of
Xg with NM non-overlapping square cells. A™ is the set of
cell indexes, ¢(n), s;(n), and h;(n) represent respectively
the center, the status, and the estimated height of the cell n.
The cell centers are the same for all UAVs. The status takes
value in {U,0,G} where U stands for Unexplored, O for
Obstacle, i.e., an obstacle has been detected on that cell, and
G for Ground, i.e., no obstacle is located on that cell. Then
M; = {(e(n), 5:(n), hs(n)) }nenm.

The status and the estimated height of a cell are updated
using CVS information.

For each pixel (n.,n.) € JY?,. (labeled Obstacle),
according to (9), there exists m € N such that P; ((n, nc))
introduced in (12) intersects S9,. As this intersection is
difficult to characterize, we consider that m (P; ((n,, nc))),
the barycenter of P; ((n,,n.)), belongs to S9, and change
the status of the cell n containing the projection on
X, of m (P; ((nr,nc))) to Obstacle, ie., s;(n) = O.
Moreover, the estimated height of that cell n is updated
using mg (P; ((ny,nc))), the height of the barycenter of
P; ((ny,ne)) as

hi(n) = max{hi(n),ms (Pi ((nr, nc)))}-

For each pixel (n;,nc) € V¥ (labeled Ground), the status
and estimated height of all cells n € N™ such that ¢;(n) €
P% ((ne, ne)), are updated as s;(n) = G and h;(n) = 0.

This approach leads to an approximate map of the
obstacles used to estimate the parts of the FoV that will
be hidden by obstacles, see Section VII.

(20)

VI. ESTIMATION ALGORITHM

This section describes a distributed set-membership target
location estimator exploiting the information provided by the
CVS and the set estimates introduced in Section V. The
structure of the set-membership estimator is adapted from
[2]. Only the parts related to the exploitation of the CVS
information are detailed. For UAV i, the set estimates are
initialized at time to as L, = 0, XL, = 0, and X,y = X,.
In addition, UAV i also maintains an inner aproximation
S‘;k of the rs-neighborhood of the projection on X, of all
obstacles, with S = (). Finally, the map M o is initialized
as s;0(n) = U and h; o(n) = 0 for all n € NM.

A. Prediction step
At g, the predicted sets X; k=1 of possible future
. . . . <t
locations of identified target j € E;ﬁk and X 1,y of

possible locations of targets still to be identified are evaluated
using (1) and the fact that v, € [v'] as follows

ngk|k 1_f( 'ij 1’[ t])ﬂXganGQ,k
t

Xz’,k“@—l =f'(X i,k—lv [v']) NX,.
B. Correction step using CVS information

The CVS of UAV ¢ provides the list DZ > and the sets
X;?k" S(i),k( 7y 7s), and ]P)zgk( zk)

Based on Section V-B.2, the inner approximation of the
rs-neighborhoods of all obstacles is updated as S;-’yklk =
S8, VR, rs) USS -

From Sections V-B.1 and V-B.2, as the set P, ()5, ) U

Sﬁ;”klk is proved to be free of targets the set Xi,klk—l is

updated as
t —t
Xi ke = X gjr—1 \ (]P)zg,k (y ) Us; k\k)
For identified targets, three cases are considered. For each
target j € L} k1 \ D}  already identified before time ¢; and
not 1dent1ﬁed at time t; one has

Xikk = Xijre—1 \ (Pik (yf,k) US‘;,W) .

If target j is identified at time ¢y, ie., j € D; x> then
accordmg to Section V-A, :cj € XG0 I j € L4, then
k IS XZ Joklk—10 and Xi,],klk is updated as

2n
(22)

(23)

(24)

Xk = (Ko VX (B (350) USTi)» @9)

Otherwise, if j ¢ Elk 1> then x" k € Xlklk 1> and X”k\k
is updated as

X;,j,kwc = (Xz klk—1 N X% s k) \ (Pf,k (yik) US;WC) . (26)

The list of identified targets becomes L} Kk = L, UD:,.
The map M, ), is updated from M, ;1 as described in
Section V-D.

C. Update after communication with neighbors

Using the information received from its neighbors, UAV ¢
updates the list of identified targets £; , = U, Ni L, K|k
the r¢-neighborhoods of all obstacles SZ k= Uren, . S kjk
and the set of poss1ble locations of targets still to be detected
Xlk = Neen, kX/klk Then, if j € L}, one has X ;, =
ﬂze/\/, & Xz Gik|k*

UAV 1 also updates its OEM as follow. For all n € A/ M if
there exists £ € N", such that s, (n) = G, then s; 1 (n) =
G and h; ,(n) = 0. For all n € N™, such that there does
not exist any £ € N with s, ;(n) = G, but such that there
exists £/ € N with sy x(n) = O, then s;x(n) = O and
hik(n) = maxgenu by jp(n). A cell considered as Ground
by at least one of the UAVs is updated to Ground. For all
other cells with status Obstacle for at least one UAV, the
height is set to the maximum observed height.
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VII. DESIGN OF THE UAV GUIDANCE LAW

This section introduces a distributed MPC approach [26]
based on that of [2]. Compared to [2], previously occluded
areas and predicted occluded areas are taken into account in
the design of the control inputs of the UAVs.

For a sequence W; . = (Wik, ..., Wi kth—1)
control inputs over a horizon of h steps the state x;° ' h
of UAV ¢ can be predicted using (2). Then, two types of
occluded areas are considered: those which were previoulsy
occluded and those which are likely to be occluded after
applying u; ., on UAV i. At time ?, the occluded parts of
the Rol for UAV i correspond to the set P§ , (Vp, UV, U
Vi &) introduced in (19). Accounting for the occluded parts
for its neighbors, UAV 1 evaluates the set

H* = Usen, . Pl (yék SRS k) @7
of all occluded parts. In the MPC approach, the sets ]HIEZS
obtained during the last h time steps are gathered as

k
HEX i1 = Usmkonga HEYS, (28)

and are considered as areas requiring further exploration.
Predicting the map is difficult. Nevertheless, the version
M, i, of the map at time ¢, can be used to evaluate the part
HF (x ‘;g +p) of the FoV that may be hidden by obstacles if
the predicted state of UAV ¢ is xl k 4, using [27].

For UAV ¢4, considering u; .5, a prediction x;‘g tri1 of
X} i rqq atstep 7 € {0,...,h — 1} can be performed using
(2) and u; g4r.

Iterative predictions and corrections are then performed for
all 7 € {1,...,h}. Predicted versions X” fbr b r—1 J €

t
L; - and XZ ,H_T|k+7_ 1» of the set estimates X ok htr—17

ES E;,k and Xi,k+T|k+T_1 are evaluated using (1).
To account for the future CVS information, a predicted
FoV is then evaluated as F¥ s = F(x; k+T) \ Y (x5 k+T)

Then, as described in [2], the predicted sets X” kit and
Xi,k—i—r’ for all 7 € {1,...,h}, are evaluated as
t,P t,P P
XZ kAT = X‘yj k+1|k+1-1 \Fz k4T (29
<P <tP
X@k-ﬁ-T = Xz Jk+T|k+T—1 \F@ k47° (30)

The aim of the considered MPC approach is to evaluate a

sequence u)y, that minimizes

J (0}fe) = ‘I)Xk+h|k + A0 kthlk T KD} el GD
where A and k are tuning parameters. The components of
(31) are detailed in what follows.

O, . is the area of the predicted set estimates X;" ,

. <LP
J €Ly, and X, expressed as

—tP
i = 0 (Xz winUUjeer XZ’,Pj,kM) : (32)

Fig. 5.

Simulated urban environment in Webots

@f Jbh|k is the distance between the predicted location
m‘;i 4, of UAV 7 and the closest predicted set estimate

<P

d _ u,p tP
D kynje =d (Pg (“’i,k+h) Xikn U U]EE‘ Xi,j,kJrh
m u,P
\HIZL (2 1) )

When @fk' hlk remetins constant whatever Wi s <I>‘3’ khlk is
used to drive UAV ¢ toward the closest set estimate. Taking
into account HE, (ng ) avoids UAV i being attracted by
a set estimate that would be hidden by an obstacle. Finally,

h —t,P
‘I’i,k+h|k =9 (X

P
ikth U U]egt X;

i,5,k+h n Hg}cls—h-i-l:h) :
accounts for the parts of Xi” k+n that were previously
occluded and favors exploration of such area.

A round-robin evaluation of the guidance law of each
UAV is considered. The first UAV evaluates independently its
control input and broadcasts it as well as information related
to its predicted FoV F} ;. 7 = 1,...,h. The following
UAV may then account for the information sent by the first
UAV to evaluate X\* and XZ’; 4, using its own field of

zgk—i—r
view ]FQJH_T and Fl,k+f’ =1,...,h.

VIII. SIMULATIONS

The simulations are performed using Webots! to generate
the measurements collected by the UAVs. Webots is
interfaced with Matlab to evaluate all set estimates and
sequences of UAV control inputs.

A. Simulation conditions

The Rol X, = [-250m, 250 m] x [—250m, 250 m] x Rt
contains several buildings covering about 5 % of the area of
the ground X,, see Figure 5. N' = 8 target cars have to be
localized. The dimension of each car is 4.6 m x 1.8 m x
1.5 m. A cylinder C' of radius r* = 2.5 m and height h' =
2 m contains the unknown shape of the cars. The safety
distance r; between targets and obstacles is taken equal to
3 m. The target dynamic (1) is such that the cars stay on
the road. Their speed is randomly chosen but is bounded
by a known maximal speed. The UAVs do not exploit any
knowledge related to the roads during the search. The OEM
M, 1. consists of square cells of 5 x 5 m?.

A fleet of 4 identical quadcopters is considered. Their
dynamics is detailed in [3]. The CVS of each UAV provides

Thttps://cyberbotics.com/doc/guide/index
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Fig. 6.
bounding boxes (left), image labels and bounding boxes (middle), and depth
map (right)

Example of CVS information provided by Webots: Image and

labeled images of N, x N, = 360 x 480 pixels and a depth-
map of the same size. The camera aperture angle is 7 /4 rad.
The bounds of the noise w in (5) are [w, w] = [—0.01,0.01].
Figure 6 shows an example of the information provided by
the CVS of each UAV.

For the MPC approach of Section VI, h = 2
and only yaw angle increments are considered in U =
{—n/3,—7/6,0,7/6,7/3}. The weights in the cost function
(31) are taken as A = 107 (as in [2]) and x = 1. The yaw
angle increments provided by the MPC algorithm serve to
deduce a reference state for a low-level PID controller also
designed to maintain a flight at a constant speed module
and at a constant altitude. To avoid collisions, the flight
height is different for each UAV, and is larger than the height
of all obstacles. Furthermore, the communication between
UAVs is assumed perfect, and no restriction regarding the
communication range is considered. The UAV speed and car
speed are chosen such as the speed ratio between the UAVs
and the targets is equal or above 5.

The CVS provides new information with a period T' =
0.5 s. The estimation algorithms of Sections V and VI are
applied with the same period. Nevertheless, the guidance law
updated is set at 3 s to ensure that the UAVs have reached
their yaw angle reference provided by the MPC algorithm.

B. Results

Results are averages over 10 independent simulations
lasting 300 s of UAV flight. The video? illustrates a typical
evolution of the sets th ;1 gathering all the possible locations

of identified targets (in green), the set X;k of possible
locations of targets still to be identified (in yellow), and
the set S‘;  Tepresenting the inner-approximation of the r-
T:Ciélslborhood of the encountered obstacles (in black). The set
H; , (in blue), represents the points of X, that have been
occluded at some previous time instant due by an obstacle
and were not observed up to time ty.

Figure 7 shows M; 300 at the end of one simulation of
300 s. The perspective is the same as in Figure 5. M; 300
provides an approximation of obstacle shapes and heights
sufficient to predict the occluded parts of the environment.

The metrics considered to evaluate the performance of
the proposed algorithm are the area explored ®(X}) =

qb(Uf:ereM,i P}, (V,)), the Unexplored Area (UA)

¢(X2,k), the Occluded Area (OA) (b(X;,k n ES,ZS)’

Zhttps://nextcloud.centralesupelec.fr/s/eYD2CDgr5qxpee3

TTT——
50 100 . 7 ——
200
X (m) 250

Fig. 7. Ilustration of M 300. The blue squares are the unexplored cells.
The red rectangles are the occupied cells with their estimated height.

the average area of target set estimates ®(Xj,) =
Zjeﬁ;,k, @(X ;) /card(L; ,), and the localization error
e(X;)) = Zjec;% Hm;gk — (X} )l|/card(L; ) between
the actual target location and the barycenter of its set
estimate.

The evolution of these metrics is shown in Figure 8.
® (X%) (in purple) is the area of the map proved to be
ground. Since around 5% of X, is occupied by obstacles,
the maximum value of ® (Xi) is 95%. After 300 s, ® (Xi)
reaches 94 %, meaning that the fleet has explored nearly
all the Rol. The remaining 1 % corresponds to parts of X,
located around buildings at the border of the Rol.

®(X},) (in green) stabilizes around 0.23% of ¢ (X,)
with a standard deviation of 0.14 %. This corresponds to
the surface of a disc with radius between 8.3 m and
17.2 m. The area is quite large: As targets cannot be
permanently observed, the uncertainty of their estimated
location increases. Nevertheless, as seen in Figure 8-B, the
localization error e (th k) (in red) is about 1.0m 4 0.3 m.
Thus, despite knowing only the target maximal speed, the
UAV fleet manages to accurately localize the identified
targets.

The area q/)(X;’k) (in orange in Figure 8-A) of the set

estimate X;y . containing the locations of targets still to be
detected, decreases and reaches 19.1 % + 2.6 %. At the end
of the simulation, almost 60 % of X;, i belong to ESZS (in
blue), and thus correspond to a portion of X;,k that cannot
be eliminated because of the presence of obstacles. This
part of X;, , continues to grow until observed from another
point of view. These results illustrate the limitations of the
criterion (31) in the design of a guidance law that would
bypass obstacles to observe previously occluded regions.
To evaluate the benefits provided by the OEM in the design
of the guidance law and the components of the cost function
(31), the results of the proposed approach are compared to
those obtained when x = 0 in (31) (the occluded parts are
not considered) and to those in [3] (the map is not exploited
in the MPC algorithm), see Table I. Exploiting the OEM
in the design of the guidance laws improves the exploration
performance compared to [3]. Moreover, accounting for the
previously occluded parts in (31) (x = 1) improves the
reduction of ¢(X§7k) and results in a better exploration of

. . <t .
the environment since ¢(X, ;, N X} ) is also reduced.
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(3] (h=0) Here (=1
o(Xii) (%) 255+2.7 [ 2090+28 | 19.1 +2.6
(X, NHyy) (%) | 168419 | 128421 | 11.2+ 1.8
TABLE 1

PERFORMANCE COMPARISON (AVERAGE OVER 10
INDEPENDENT SIMULATIONS)

IX. CONCLUSION

This paper proposes an approach to search and track
ground targets evolving in an unknown but structured
environment using a fleet of cooperating UAVs. Information
provided by a CVS are exploited by a set-membership
estimator to get sets containing the location of detected
targets, a set containing the locations of targets still to detect,
and a set proved to contain no target.

In the proposed approach, each UAV builds an OEM of the
environment in parallel with the target search, to approximate

the

obstacles present in the environment. The map is used

in a MPC algorithm to design guidance laws for the UAVs.
The portion of the environment that has been occluded in

the

past is also used to favor the exploration of these areas.

The proposed approach, evaluated in a simulated urban
environment, yields better search and tracking performance

tha

n a variant where no map is used. Future work will

consider adaptations to more complex environments such as
urban canyons, requiring to avoid obstacles.
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