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Avalanche victim search via robust observers
Nicola Mimmo, Pauline Bernard and Lorenzo Marconi

Abstract— This paper introduces a new approach for victim
localization in avalanches that will be exploited by UAVs using
the ARVA sensor. We show that the nominal ARVA measurement can be linearly related to a quantity that is sufficient to
reconstruct the victim position. We explicitly deal with a robust
scenario in which the measurement is actually perturbed by a
noise that grows with the distance to the victim and we propose
an adaptive control scheme made of a least-square identifier
and a trajectory generator whose role is both to guarantee
the persistence of excitation for the identifier and to steer the
ARVA receiver towards the victim. We show that the system
succeeds in localizing the victim in a domain where the ARVA
output is sufficiently informative and illustrate its performance
in simulation. This new approach could significantly reduce
the searching time by providing an exploitable estimate before
having reached the victim. The work is framed within the EU
project AirBorne whose goals is to develop at TRL8 a drone
for quick localization of victims in avalanche scenarios.

Search and Rescue, Robust Control
I. I NTRODUCTION
The system ARVA consists of two elements: a transmitter
and a receiver. The transmitter is worn by the victim and
emits an electromagnetic signal detectable by the receiver,
which is held by the rescuers. In case of signal detection, the
receiver provides information about the electromagnetic field
generated by the transmitter sensed at the receiver device
location. The rescuers are trained to interpret these data and
to move closer to the victim location. Unfortunately, although
this technique is common and quite efficient, it requires
a non negligible amount of time due to the difficulties in
walking in avalanche terrains. Furthermore, the rescuers walk
on unstable snow with the tangible risk of inducing a second
avalanche event. In this context, drones represent a valid
alternative to humans. Indeed, if sufficiently smart, ARVAdriven drones can fly autonomously to find the transmitter
location thus resulting in faster and safer search. Related
to alpine environment, [1], [2], [3] demonstrated how S&R
operations can greatly benefit from the use of autonomous
UAVs to survey the environment and collect evidence about
the position of a missing person. Furthermore, the European
projects SHERPA [4] and AIRBorne [5] address a specific
challenge in S&R robotics, i.e. the establishment of an effective solution to support professional alpine rescuer teams
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in avalanches scenarios. AirBorne, in particular, deals with
developing at TRL8 an ARVA drone for quick localization
of avalanche victims.
There are two main general approaches in finding the
transmitter location. The first one requires the receiver to
move closer to the transmitter to minimize the relative
distance, whereas the second one is based on an estimation of the transmitter location, without necessary making
the receiver approach the transmitter. The current rescue
techniques, along with all the available examples of UAVs
equipped with the ARVA technology, belong to the first
category [6], [7], [8]. In fact, those methods belong to the
so-called source seeking control problems, where the agent
(or agents in case of collaborative and distributed scenarios)
senses the signal emitted by a source located at an unknown
position and is steered towards it. Remarkable examples
include [9], [10], [11] in which the extremum seeking control
paradigm has been exploited to provide the solution in
absence of both a detailed output map and information about
the agent’s position. Similar methods appear also in [12],
[13].
Unlike earlier approaches, this paper presents an algorithm
which estimates the victim location by following a trajectory
that is sufficiently “rich” in ARVA data. Our first contribution
is to show that the ARVA output can be approximated by an
output that is linear in a quantity enabling to reconstruct the
victim position. It follows that the latter can be estimated by
means of a least-square algorithm if the receiver’s trajectory
is sufficiently exciting [14]. A distinguishing feature of our
work is that we explicitly take into account the noise corrupting the ARVA signal whose magnitude grows with the relative distance between the transmitter and the receiver. A reference trajectory generator is thus designed to serve a triple
purpose: 1) ensuring boundedness of the drone’s trajectory 2)
guaranteeing persistence of excitation for estimation of the
victim position 3) bringing the receiver closer to the victim
to limit the noise and improve the estimation. By adopting
common terminologies, the approach we follow in this paper
falls into the adaptive control category and more specifically
in the class of the indirect adaptive control in which the plant
parameters (in particular the victim’s position) are estimated
on-line and used to calculate the controller parameters [14].
In this class of problems, the control law cannot be designed
independently from the identification scheme. Rather it must
accomplish the double role of sufficiently exciting the system
to make it sufficiently informative for identification purposes
and to use the resulting identification outcome to move closer
to the victim [15], [16], [17], [18]. We show that there
exists a region where the ARVA is sufficiently informative
to guarantee convergence to a ball around the victim, whose
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Definition 1 (Persistence of Excitation). [14] Given T > 0,
a locally integrable function φ : R>0 7→ Rn is said to be
persistently exciting if there exists a positive real α0 > 0
such that
Z
1 t
φ(τ )φ> (τ ) dτ ≥ α0 I
∀t ≥ T.
(1)
T t−T
III. C HARACTERISATION OF THE ARVA SYSTEM
The ARVA system is based on the emission and sensing
of an electromagnetic field. More precisely, the transmitter,
worn by the victim, emits a signal which is sensed, elaborated
and made available to the rescuer by the receiver. In this
section, we go through the main features of the sensor that
are instrumental for the development of the automatic search
algorithms presented in Section V.

Fig. 1: Reference frames definition

radius depends on the amplitude of the excitation signal. The
advantage of this approach is that it provides an exploitable
estimate of the victim position before having actually reached
it. Those performances are illustrated on simulations.
This paper is organized as follows: Section II introduces
the notations, then Section III describes the ARVA system
and Section IV the blocks constituting the control scheme
(i.e. the identifier and the reference trajectory generator)
while the main theorem is presented in Section V. Finally,
Section VI illustrates the performance of our adaptive control
in simulations.
II. N OTATIONS
By k · k we denote the standard Euclidean norm and
kf kt0 ,t = sups∈[t0 ,t] kf (s)k for t ≥ t0 ≥ 0. A function
γ : R≥0 → R≥0 is said to be class-K if γ(0) = 0 and γ
is strictly increasing. A function β : R≥0 × R≥0 → R≥0 is
said to be class-KL if for every s ∈ R≥0 , r 7→ β(r, s) is
class-K and for every r ∈ R≥0 , s 7→ β(r, s) is decreasing
and lims→+∞ β(r, s) = 0. Bρ (x) denotes the ball of radius ρ
centered at x. Three Cartesian coordinate frames are defined
(see Figure 1): Fi = (Oi , xi , yi , zi ) indicates the inertial
frame with origin Oi , with the unitary vector xi oriented
toward geographic north, zi oriented opposite to the local
gravity vector and yi oriented to create a right hand frame,
while Ft = (Ot , xt , yt , zt ) and Fr = (Or , xr , yr , zr ) are
the body right hand frames associated respectively to the
transmitter worn by the victim and to the receiver installed
on the drone. For simplicity sake, we assume that the body
frame of the drone coincides with Fr . The position of Or
relative to Ot is indicated by the vector p ∈ R3 , with
p = pr − pt , while the positions of Or and Ot relative to
Oi are indicated respectively by the vectors pr ∈ R3 and
pt ∈ R3 . Throughout the paper, and only when needed, we
shall use the apex i, t and r on the left of the vectors p, pt ,
pr to denote the representation of the previous vectors in the
reference frames Fi , Ft and Fr respectively (for instance,
i
p denotes a representation of p in Fi ). The quantities are
intended in the inertial frame Fi when the left side apex in
not indicated. The rotation matrices from Fi to Ft and from
Fr to Fi are respectively denoted by Rt and Rr whereas the
relative rotation from Ft to Fr is indicated by Rrt .

A. ARVA in the transmitter mode
The ARVA system relies on a transmitter device that
generates a magnetic field modelled as a dipole aligned
with the xt axis of Ft with an amplitude m ∈ R>0 . The
electromagnetic vector field, described in Ft , is indicated by
ht ∈ R3 . Denoting (x, y, z) the components of the vector
p expressed in Ft (i.e. t p = col(x, y, z)), a mathematical
model of the magnetic vector field at t p is given by (see
[19])
m
ht (kpk, Θ, λ) =
Ap (Θ, λ)
(2)
4πkpk3


2 − 3 sin2 Θ
where Ap (Θ, λ) =  3 cos Θ sin Θ cos λ  and
3 cos Θ sin Θ sin λ
! 

x
  cos−1 p


2 + z2
Θ


x2 
+ y


 λ =
(3)
.
z
−1


tan
kpk


y
p
x2 + y 2 + z 2
The intensity of the magnetic field is then obtained from the
previous relation (see [19]):
m p
1 + 3 cos2 Θ .
(4)
kht k =
4πkpk3
B. ARVA in the receiver mode
The ARVA equipment has three antennas directed along
the receiver frame axes xr , yr and zr , namely along the
longitudinal, lateral and vertical direction of the sensor
case. We assume that the ARVA receiver position pr and
orientation Rr in the inertial frame are known.
The magnetic field read by the receiver, denoted by
hm (p, Rrt , t), is given by the projection of the vector ht
onto the Fr frame corrupted by the sensor noise
hm (p, Rrt , t) = Rrt ht ( t p) + r w(t)

(5)

where r w(t) : R 7→ R3 indicates the Electro-Magnetic
Interference (EMI) expressed in the receiver frame. This
noise is bounded by a positive constant kr wk∞ . We will
denote hn (p, Rrt ) = Rrt ht ( t p) the nominal EM field at the
receiver, equal to hm (p, Rrt , t) in absence of noise.
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In the following, we would like to exploit this ARVA
output (5) to estimate the transmitter’s position pt , namely
the victim’s position, by means of the design of an observer.
The estimation of its orientation Rt on the other hand is not
crucial and is left aside in this paper.
a) Toward the transmitter position estimation: The
direct design of a non-linear observer for this system is not
straightforward unless adopting an extended Kalman filter
[20], which, however, would require linearizing the system
and would ensure only a local convergence. On the other
hand, the constant nature of the unknowns, namely the position and orientation of the victim, can be exploited for the
design of an observer with more appealing properties (easy
design, global stability, etc.). In this context, we manipulate
the non-linear map hn (p, Rrt ) to find a change of unknowns
that makes the output map linear, thus leading to a simpler
observer design. In other words, we design an observer by
immersion, i.e. by immersing (in the differential geometry
sense) the state space into a space of larger dimension [21].
More precisely, computations on hn show that p, Rt and
hn fulfill a polynomial equation of the form
4
(6)
p> M p − (4π)2 khn k2 p> p = 0
in which e1 = col(1, 0, 0) and M = M > =
>
m2 3Rt e1 e>
1 Rt + I . The equation (6) is a polynomial of
degree 8 in the unknown constants pt ∈ R3 and M ∈ R3×3
with coefficients depending on pr and hn that are known,
modulo some noise on hn . It could therefore be used as an
implicit output map to estimate pt and M (9 unknowns)
by an immersion in a linear space of order 54, but this
method is practically unfeasible. Instead, we show that a
model approximation enables to reduce the dimension and
leads to a more practical solution.
b) ARVA Model approximation: A detailed analysis of
(4)
reveals
that the complexity is introduced by the term
√
1 + 3 cos2 Θ. So the idea is to approximate this function
with an equivalent one, namely feq (Θ), which√
belongs to the
family of functions which are isomorphic to 1 + 3 cos2 Θ
but make (4) inversely proportional to a polynomial of p.
This paper adopts this approximation
1
1
1
√
≈ 2 cos2 Θ + 2 sin2 Θ.
(7)
3
2
a
b
1 + 3 cos Θ
Remark 1. The selection of this function is motivated by the
fact that the iso-power surface of the electromagnetic field
of (2) look like ellipsoids, which are xt -axial symmetric, and
whose shape is defined by a, b ∈ R>0 . Those coefficients a
and b are known and chosen to minimize the quadratic error
with respect to (1 + 3 cos2 Θ)−1/3 .
Given the approximation of (7) and keeping in mind (3),
the norm of hn becomes

 32
a2 b2
m
(8)
khn k ≈
4π b2 x2 + a2 (y 2 + z 2 )
which, after some manipulations, leads to

 32
m
>
(ab)2 = (pr − pt ) M (pr − pt )
khn k4π

where M = M

>

> 0 with

M = Rt diag(b2 , a2 , a2 )Rt> .

(10)

(9) can then be rearranged into the linear relation
η = Φ> (pr ) x(xt )
in which

η=
Φ> (pr ) = [x2r
...

m
khn k4π

2xr yr
zr2

 23

2xr zr
−2xr

(11)

(ab)2
yr2
−2yr

(12)
2yr zr
−2zr

...
1]
(13)

are known signals and
x(xt ) = col(m11 , m12 , m13 , m22 , m23 , m33 , pt , %)

(14)

is the vector of the unknown constants with mij the entries
of M , pt = M pt , and % = p>
t M pt .
It is worth observing that estimating the constant vector
x(xt ) ∈ R10 is sufficient to obtain an estimate for pt . Indeed,
the first 6 components of x(xt ) give an estimate for M
whereas pt estimates M pt , so that pt can then be recovered
by inversion of M .
Property 1 (Partial bijectivity of the map x). The map x :
R3 × SO(3) 7→ Rnp is partially invertible with respect to
pt . There exists a partial left-inverse denoted Υ such that
pt = Υ ◦ x(pt , Rt ) for any (pt , Rt ) ∈ R3 × SO(3) and
Υ is globally Lipschitz on R10 , i.e. there exists a constant
L > 0 such that, for any x1 , x2 ∈ R10 , kΥ(x1 ) − Υ(x2 )k ≤
Lkx1 − x2 k.
In practice, such a global inverse of x can be obtained by
projection of M in the following way. According to (10), M
has as eigenvalues {a2 , a2 , b2 }. Therefore, given x ∈ R10 ,
denoting M and pt the corresponding
components, we can
−1
pt , where U , Σ and V > are
take Υ(x) = U sat (Σ) V >
the elements of the singular value decomposition of M , such
that U ΣV > = M , and sat saturates the entries of the diagonal matrix Σ in the interval [κ−1 min(a2 , b2 ), κ max(a2 , b2 )]
where κ ≥ 1 represents a tolerance factor.
c) Noise model for the approximated ARVA: Substituting the real noisy measurement hm in place of the ideal
measurement hn in the definition of η (12) leads to a new
output defined by

 23
m
yt =
(ab)2 .
(15)
khm k4π
Now using a first order approximation on the noise r w, we
can write
yt = Φ> (pr )x(xt ) + νt (pr , xt , t)

(16)

with

(9)
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∂
νt (pr , xt , t) ≈ (ab) r
∂ w
2



m
khm k4π

 23

r
r w=0

w(t).
(17)

νt

Property 2 (Source noise in yt ). There exists a class-K
function γt such that the output map yt of (16) verifies for
all t ≥ 0

Trajectory Generator

kνt (pr , xt , t)k ≤ γt (kpk).

The dynamics of the receiver, in the inertial space, are
captured by a model of the type [22]
yr = xr

(18)

with state xr = (pr , vr , Rr , r ωr ) ∈ R3 × R3 × SO(3) ×
R3 denoting the drones’s position, velocity, orientation and
angular velocity respectively, input u ∈ R4>0 denoting the
vector of the propeller speeds, and output yr = xr fully
known. For reasons of space, we omit to present the details
on control design and we refer the interested reader to
[22] where it is shown how, given a reference trajectory
ξ : R≥0 → R3 that is twice differentiable with known first
and second derivatives, and veryfying ξ(t0 ) = pr (t0 ), it is
possible to design a high gain controller able to make pr
track ξ.
D. Overall system and problem statement
Gathering (16), (18) and the constant quantities pt and Rt ,
we finally get
ẋt = 0

(19a)

with xt = (pt , Rt ) ∈ R3 × SO(3), and outputs yt ∈ R>0
and yr ∈ R3 defined by
yt
yr

xr , x t

ARVA

p̂t

Identifier

yt

Fig. 2: Representation of the closed-loop system.

A. Identifier

C. Receiver dynamics

ẋr = fr (xr , u) ,

Receiver
xr

A detailed analysis of the partial derivative in (17) reveals
that γt (kpk) = ckpk5 k r wk∞ with c > 0 bounded. As
consequence, the output yt becomes closer to Φ> (pr )x(xt )
(which is proportional to kpk2 ) as p get closer to zero (i.e.
pr closer to pt ).

ẋr = fr (xr , u) ,

ξ

= Φ> (pr )x(xt ) + νt (pr , xt , t)
= xr

(19b)

with the maps x : R3 × SO(3) → R10 and Φ : R3 → R10
defined in (13) and (14). The goal is now to estimate the
position pt of the victim as precisely as possible. We have
seen that this reduces to the estimation of the constant x(xt ),
whose observability is inherently linked to the invertibility
of the known quantity Φ> (pr ) throughout time, namely its
persistence of excitation. Due to the presence of the noise
νt , the problem can thus be cast as a robust observation
problem of the partial state pr of (19a) from the measured
output (19b).

The role of the identifier is to provide an estimation of
the victim position by properly processing the ARVA signal.
This paper adopts the Recursive Least Square (RLS) with
forgetting factor detailed in [14] and hereafter briefly recalled
in its differential version. Given the ARVA measurement yt
verifying (16), the RLS algorithm is given by:

φφ>


 Ṙ = −ρ R +


1 + φ> φ
φyt
, p̂t = Υ (x̂) (20)
Q̇ = −ρ Q −


>φ
1
+
φ


 ˙
x̂ = −Γ (Rx̂ + Q)
in which φ denotes the known signal Φ(pr ) of (16) to
ease the reading, ρ > 0 represents the forgetting factor,
the matrix Γ = Γ> > 0 is a scaling matrix, R(0) = I,
and Q(0) = 0. If the vector Φ(pr ) is persistently exciting
(see Definition 1) and in the ideal noise-free case where
yt = Φ(pr )> x(xt ), it has been demonstrated ([14]) that
the origin of the estimation error x̂ − x(xt ) is globally
exponentially stable, and therefore limt→+∞ p̂t (t) = pt . In
presence of noise νt in (16) verifying Property 2, we can
show the following.
Property 3 (x-identifier). Assume Property 2 holds. Consider a signal t 7→ pr (t) that is persistently exciting in the
sense of Definition 1 for some T and α0 , and such that
Φ(pr ) is bounded. For any identifier parameters ρ > 0 and
Γ = Γ> > 0, there exist µ > 0 and a class-KL function βp
such that any trajectory t 7→ p̂t (t) of (20) satisfies
kx̃(t)k ≤ βp (kx̃(t0 )k, t − t0 ) + µγt (kpkt0 ,t )

(21)

for all t ≥ t0 , with x̃ := x̂ − x(xt ) the estimation error.
Sketch of the proof. From the excitation condition,
α0 T
R(t) ≥ α1 I with α1 = e−ρT min{ 1+φ
2 , 1} where φm
m
1 > −1
bounds Φ(pr ). Then, taking V (x̃) = x̃ Γ x̃ as candidate
2
Lyapunov function, it turns out that V̇ ≤ −α1 kx̃k2 +
1
kx̃kγt (kpkt0 ,t ) + xe−ρ(t−t0 ) kx̃k which gives the ISS in2ρ
equality (21) for a µ := (2ρα1 )−1 .
B. Reference Trajectory Generator

IV. P ROPOSED S OLUTION
Figure 2 depicts the proposed overall control scheme
whose elements are detailed in the following sections.

In order to use the identifier defined above, we need Φ(pr )
bounded and persistently exciting, and p = pr −pt becoming
sufficiently small to reduce the impact of the noise on the
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estimation error x̃. The idea is therefore to make pr follow
a reference trajectory ξ composed of an exciting part ξe and
a slow part ξs steering pr to pt , i.e. reducing p. Besides, in
order to guarantee boundedness of trajectories, we saturate
the slow component ξs outside a bounded region where
the victim is known to be. More precisely, the reference
trajectory generator is represented by a dynamic system
described by the following equations
ξ˙s = fs (p̂t − ξs ) ,

with ξs (t0 ) = pr (t0 ), ξe (t) =

ξ = sat(ξs ) + ξe
(22)

A1 sin $1 t
A2 sin $2 t
and where fs (·)

The size of the region Bρ? (pt ) which guarantees stability
and nice asymptotic properties increases when either the
amplitude of the noise kr wk∞ or the parameter µ decrease.
But, according to Property 3, reducing Ai reduces the
asymptotic effect of the noise r w on the estimation error
x̃, so that, unfortunately, a reduction of the amplitudes Ai
leads both to a reduction of the asymptotic norm of x̃ and
to a reduction of the stability domain. So, there exists a
design compromise between the stability requirement and
the asymptotic performance.
VI. S IMULATION RESULTS

A3 sin $3 t

is defined as
v
fs (v) = fsmax p
2
2
kvk
1 + K kvk
Kkvk

(23)

with K > 0. Notice that fs (·) is continuous on R3 , globally
bounded by fsmax and such that f (0) = 0 and fs (v) has
the direction of v. As said, the previous reference signal
generator is justified by the ”dual control” objective that
characterizes the problem, namely exciting the system to
identify the victim position and moving closer to the victim
to have a better signal to noise ratio. The interplay between
the two actions is managed by imposing two-time scales,
which is enforced by reducing the parameter fsmax . In fact,
the following can be proved.
Lemma 1. For any Ai , $i defined as above, the signal ξe is
such that Φ(ξe ) is bounded and PE, and there exists fs?max >
0 such that for all positive fsmax ≤ fs?max , Φ(ξe + sat(ξs ))
is also bounded and PE.
The proof is omitted due to space constraints.
V. M AIN RESULT
We now analyse the stability of the interconnection between the identifier (20) and the reference trajectory (22).
The following theorem claims that if the time scales of the
references ξe and ξs are sufficiently different (namely if
fsmax is taken sufficiently small in relation to the $i ), then
the estimate of the victim position practically converges to
zero with a practical region that is affected by the amplitude
of the exciting signal. Such property, indeed, holds as long
as the receiver remains sufficiently close to the victim in
relation to the noise features.
Theorem 1. Let parameters $i , Ai , ρ, Γ be defined as in
the previous sections. There exists fs?max > 0 such that for
all positive fsmax ≤ fs?max there exists a class-K function γ
such that any trajectory of (19) verifying pr ≡ ξ with ξ the
reference trajectory defined by (20), (22) gives
lim sup kpr − pt k + kp̂t − pt k ≤ γ(kξe k∞ )
t→∞
?

as long as pr ∈ Bρ? (pt ), with ρ =



1
cµLkr wk∞

 41
.

We observe that, due to the persistent excitation, we cannot
ensure pr = pt asymptotically, and from Property 2, the
noise νt does not completely disappear, producing a residual
error on the estimation depending on the size of γt .

The simulator is implemented following the scheme of
Figure 2 whose blocks have been implemented in a Matlab R
Simulink R model. The simulator solver has been set to integrate the continuous time ordinary differential equations with
an explicit 4th order solver (ode45 Dormand-Prince), exploiting a variable step size upper bounded by 1 ms. Furthermore,
the algorithm implementation into the UAV flight control unit
(PixHawk) has been tested in a dedicated software-in-theloop system, also comprehensive of the ARVA simulator,
submitted to the Springer Book Robot Operating System,
Volume 5. The ARVA noise, r w(t), has been defined as
a randomly oriented vector whose magnitude and attitude
are generated by means of band-limited withe noise blocks.
In particular, the magnitude of the noise is bounded by
k r wk∞ ≤ w̄ := (2πkpeq k3 )−1 with kpeq k = 80 meters.
This value has been identified after a field test campaign
that was performed by measuring the relative position of
the receiver with respect to the transmitter (by means of
GPS receivers), their relative attitude (by means of Inertial
Measurement Units) and the ARVA data. The maximum
environment induced EMI are estimated to be equivalent
to an ARVA signal emitted by a transmitter approximately
located 80 meters far from the receiver. The relevant control
parameters are K = 1 and fsmax = 0.5 m/s whereas the RLS
algorithm is characterized by the forgetting factor ρ = 1.
The excitation trajectory ξe = col(ξe1 , ξe2 , ξe3 ) is designed
with ξei = Ai sin(ωi t), i = 1, 2, 3 with A1 = A2 = A3 = 2
m and ω1 = 0.7 2π, ω2 = ω1 /2 and ω3 = ω1 /4 rad/s.
The parameters of the reference trajectory, fsmax , Ai and
ωi , have been chosen in agreement with the limitations on
the maximum speed of 6 m/s that the quad-copters under
development in the Airborne project will have in avalanche
operations. The simulations assume that the centre of the
inertial reference system (which is defined by the user)
coincides with the initial position of the drone, i.e. pr (0) = 0.
At time t = 0 also the reference trajectory ξs is set to
be null, thus leading to ξs (0) = 0, whereas the position
of the transmitter is randomly generated to belong to a
sphere of radius equal to 50 m, centred at the origin of the
inertial space. The maximum initial distance of 50 m has
been selected on the base of practical experiments which
validated the maximum ratings declared in the data-sheets
of the most famous ARVA devices [23], [24]. It is worth
noting that, for longer distances the ARVA signal-to-noise
ratio would be too small for letting the algorithm working
properly. In particular, the simulations are obtained with
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Fig. 4: Estimate of the victim position p̂t .

pt = col(−32.8, 27.0, 8.6) m.
Figure 3 depicts the trajectory of the receiver with respect
to the transmitter and Figure 4 the estimation p̂t . The initial
estimation is poor due to the long relative distance from
the receiver to the transmitter which makes the ARVA data
particularly noisy. After about 10 seconds, the identifier
collects data rich enough to estimate more accurately the
transmitter position. Due to the double time scale (guaranteed
by small fsmax ) between the identifier (faster) and the reference trajectory (slower), the receiver is slowly driven toward
the estimated transmitter position which rapidly converges
to the right value. On the other hand, the estimation gets
more and more accurate as far as the receiver is close to the
transmitter. Indeed, in Figure 5 the nominal ARVA output
is superposed to the noisy one. We observe that the noise
disappear as the receiver approaches the transmitter. It is
important to note that a reliable estimate of the victim’s
position is obtained before the receiver reaches the victim,
which constitutes a significant advantage with respect to
extremum-seeking techniques.
The choice of fsmax influences the stability of the overall
control scheme (in agreement with the theoretical result).
In particular, Figures 6-7 depict how the trajectories of the
estimation error p̃t and the distance ξs − pt change with
respect to the variation of fsmax . A reduction of fsmax leads
to a more conservative satisfaction of the stability criterion
but makes the receiver staying longer in the noisier zone.
As consequence, the estimation of the transmitter position
provided by the identifier is less accurate. Vice-versa, higher
values of fsmax induce the receiver to move faster toward the
less noisy zone but satisfy in a less conservative way the
stability. For this reason, the parameter fsmax is subject to a
design compromise between stability and performance.

yt [m2]

Fig. 3: Distance d from the transmitter to the receiver

Fig. 5: Effect of the noise νt on the ARVA data

real implementation of the proposed strategy on the drones
developed in the AirBorne European project (targeting a
TRL8 aerial platform).

Fig. 6: Comparison of the estimation error p̃t with different
values of fsmax .

VII. C ONCLUSIONS AND F UTURE W ORKS
This paper presented an identification scheme solving the
problem of automatic estimation of the position of avalanche
victims who wear a special device called ARVA transmitter.
Due to the peculiar properties of the output map associated to
the ARVA receiver, the identification process provided by the
simple implementation of a recursive least square algorithm
does not provide the best performance if not supported
by a control system which steers the receiver toward the
transmitter. The effectiveness of the proposed control scheme
was tested in simulations. Future works will regard the

Fig. 7: Comparison of the distance s = ξs − pt with different
values of fsmax .
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