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The use of unmanned aerial vehicles (UAVs) as support to operations in
remote areas and harsh environments, such as marine operations in the Arctic,
is becoming more and more crucial. These systems are expected very critical
weather conditions, and for this reason they are naturally prone to the occurrence of icing. The formation of ice layers on airfoils decreases the lift and,
simultaneously, increases the drag and the mass of the vehicle, thus requiring
additional engine power and implying a premature stall angle. By adopting
some tools from the control allocation framework, this chapter aims at presenting an unknown input observer (UIO) approach for fault and icing diagnosis
and accommodation in UAVs equipped with a redundant suite of effectors and
actuators. The chapter is structured as follows. At first, the UAV model and
the basic setup are given, and then the fault and icing effects on the UAV dynamics are discussed. A short overview on the design of UIOs is proposed, and
a main section is dedicated to present the icing diagnosis and accommodation
tasks. Furthermore, by means of appropriate scheduling parameters, the UIObased diagnosis scheme can be extended to the nonlinear aircraft dynamics by
considering the framework of LPV systems. A collection of simulation examples
concludes the chapter and illustrates the practical application of the proposed
architecture.

1

Introduction

Detection and accommodation of ice adhesion on wings, control surfaces and
sensors is a challenging and primary issue for UAVs, since the ice accretion
modifies the shape of the aircraft and alters the pressure measurements, this
causing adverse changes on aerodynamic forces and reducing the maneuvring
capabilities. The phenomenon of icing, that can be regarded as a structural
fault, is a well recognized problem in aviation research since the early 1900s [1].
Inflight icing is typically caused by the impact of supercooled water droplets
(SWDs). Under certain atmospheric conditions, water droplets remain cooled
and do not freeze until they reach very low temperatures; however, if a droplet
impacts on the aircraft surface, it freezes immediately and accretes ice [2]. The
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rate and the severity of icing are determined by several factors, such as shape
and roughness of the impacting surface, vehicle speed, air temperature and
relative humidity. The consequences of icing are even more severe for small
unmanned aircrafts due to their simple architecture and limited payload, this
making them mostly unsuitable for the typical anti-icing and de-icing devices
that are used in large airplanes. Small UAVs are also more prone to icing than
most other aircrafts since they often operate at low altitude where high humidity
and SWDs are encountered more frequently. Larger aircrafts tend to operate
at high altitude (except for take off and landing) where there are fewer risks of
icing. Some advanced de-icing systems for UAVs have been proposed recently
based on layers of coating material made of carbon nanotubes [3] [4]. However,
since these are very power consuming, in order to guarantee the efficiency of the
system it is very important to rely on fault/icing detection schemes with fast
and accurate responses. On the other hand, the availability of redundant control
surfaces is a key advantage toward safe aircraft maneuvering and stability in
spite of icing.
UIOs [5] are a versatile and useful tool for generating robust detection filters,
as they can be made insensitive to certain input space directions by assigning
specific directions to the residuals as long as some structural algebraic conditions
on the system are fulfilled. This is particularly interesting in connection with
the control allocation framework [6, 7]. The work on UIO-based icing diagnosis
has been initiated in [8] and [9], where the problem of icing detection has been
addressed considering, respectively, the lateral and the longitudinal model of
the vehicle. Further improvements have been obtained using multiple-models
[10] and LPV methods [11] [12].

2

Vehicle model

The UAV nonlinear model consists of three equations for the airspeed components (ũ, ṽ, w̃), which represent the velocity relative to the wind, three equations
for the Euler angles (φ̃, θ̃, ψ̃), which define the attitude of the vehicle, and three
equations for the angular rates (p̃, q̃, r̃) [13]:
mũ˙ = m(r̃ṽ − q̃ w̃ − g sin θ̃) + Ax + T
mṽ˙ = m(p̃w̃ − r̃ũ + g cos θ̃ sin φ̃) + Ay
mw̃˙ = m(q̃ũ − p̃ṽ + g cos θ̃ cos φ̃) + Az
˙
φ̃
˙
θ̃
˙
ψ̃

= p̃ + q̃ sin φ̃ tan θ̃ + r̃ cos φ̃ tan θ̃
= q̃ cos φ̃ − r̃ sin φ̃
= q̃ sin φ̃ sec θ̃ + r̃ cos φ̃ sec θ̃
p̃˙
q̃˙
r̃˙

= Γ1 p̃q̃ − Γ2 q̃r̃ + Mp
= Γ5 p̃r̃ − Γ6 (p̃2 − r̃2 ) + Mq
= Γ7 p̃q̃ − Γ1 q̃r̃ + Mr
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where m is vehicle mass, g is the gravitational acceleration, Ai are aerodynamical forces (lift and drag), T is the thrust force, Mi are aerodynamical torques,
and Γi are coefficients obtained as combinations of the main inertia coefficients
Ixx , Iyy , Izz and Ixz . The velocities ũ, ṽ, w̃ are expressed in the body frame, i.e.
along longitudinal, lateral and vertical body direction respectively, and they
represent the aircraft speed relative to the wind.
The aerodynamical forces and torques are expressed by the quasilinear relationships
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Ṽ
a

a

where ρ is the air density, Sprop is the area of the propeller and Cprop is its
aerodynamical coefficient, km is the constant that specifies the efficiency of
the motor, S is the wing surface area, m is the vehicle mass, c is the mean
aerodynamic chord, and b is the wingspan of the UAV.
The overall inputs entering the system are the propeller angular speed τ̃t
(assumed to be positive) and the surface deflections τ̃e , τ̃a and τ̃r producing
torques. The non-dimensional coefficients Ci are usually referred to as stability
and control derivatives. Some of them are nonlinear functions of the angle-ofattack α̃, defined as:
α̃ = arctan (ũ/w̃)
according to:
CX (α̃)
CXq (α̃)
CXδe (α̃)
CZ (α̃)
CZq (α̃)
CZδe (α̃)

= (CL0 + CLα α̃) sin α̃ − (CD0 + CDα α̃) cos α̃
= CLq sin α̃ − CDq cos α̃
= CLδe sin α̃ − CDδe cos α̃
= − [(CD0 + CDα α̃) sin α̃ + (CL0 + CLα α̃) cos α̃]

= − CDq sin α̃ + CLq cos α̃

= − CDδe sin α̃ + CLδe cos α̃

Finally, Ṽa and β̃ are the total airspeed and the sideslip angle, respectively,
defined as:


p
Ṽa = ũ2 + ṽ 2 + w̃2 ,
β̃ = arcsin ũ/Ṽa
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2.1

Linearization

The design of a complete nonlinear controller for the UAV systems is a very ambitious and challenging objective, since there are several requirements to be met
and a number of different configurations and scenarios to be faced with specifically tuned performances. However, it is a common procedure to select a finite
number of operating conditions, and to develop linearized control schemes for
each of them: as long as the vehicle configuration lies in the hull of a given operating point, the corresponding linear controller is applied. In this regard, let us
consider a suitable trim condition x∗ := (u∗ , v ∗ , w∗ , φ∗ , θ∗ , ψ ∗ , p∗ , q ∗ , r∗ , τt∗ , τa∗ , τe∗ , τr∗ )
and linearize the system about such operating point. Introducing the incremental variables
u := ũ − u∗ , v := ṽ − v ∗ , w := w̃ − w∗
φ := φ̃ − φ∗ , θ := θ̃ − θ∗ , ψ := ψ̃ − ψ ∗
p := p̃ − p∗ , q := q̃ − q ∗ , r := r̃ − r∗
τt := τ̃t − τt∗ , τa := τ̃a − τa∗ , τe := τ̃e − τe∗ , τr := τ̃r − τr∗ .
one obtains a 6-DOF linear system describing the linearized coupled longitudinal/lateral dynamics of the aircraft:
ẋ = Ax + Bτ
with x := [u, v, w, φ, θ, ψ, p, q, r]T , τ
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(1)

= [τt , τe , τa , τr ]T and plant matrices

0 Xθ 0 0
Xq Xr
Yφ Yθ 0 Yp
0
Yr 

Zφ Zθ 0 Zp Zq
0 

Φφ Φθ 0 Φp Φq Φr 
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0
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0
0 0 Mp Mq M r 
0
0 0 Np Nq Nr
0
Yτr
0
0
0
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The structure of such matrices is clearly provided by the linearization of the
kinematic relationships, and the coefficients are essentially determined by stability and control derivatives of the vehicle.
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2.2

Measured outputs

The navigation system is supposed to be equipped with a sensor suite including
a pitot tube aligned with the longitudinal body axis, a GPS, an altimeter,
gyroscopes and accelerometers. The following main outputs y ∈ R7 are therefore
considered: horizontal airspeed y1 = ũ, attitude angles (y2 , y3 , y4 ) = (φ̃, θ̃, ψ̃)
and angular velocities (y5 , y6 , y7 ) = (p̃, q̃, r̃); according to the linearization and
the operating conditions, the output matrix C̊ ∈ R7×9 associated to (1) turns
out to be


1 01×2 01×6
C̊ :=
(2)
06×1 06×2 I 6×6
In addition, the GPS and the altimeter provide position measurements (x̃N , x̃E , x̃D )
expressed in the inertial frame; the position coordinates are assigned by the
kinematic equations




x̃˙ N

 ũ
 x̃˙ E  = R φ̃, θ̃, ψ̃  ṽ  + ν,
w̃
x̃˙ D
where the matrix R(·, ·, ·) represents the rotation from body to inertial frame
and ν = [νN νE νD ]T is the wind speed (expressed in the inertial frame). We
notice that, whenever an accurate wind speed estimator is available [14] [15] [16],
the interpolation of the estimated wind speed with the average aircraft speed,
that can be computed through the GPS data, provides also a measurement of
the relative velocities v, w and hence in this case one can rely on an output
matrix C̄ ∈ R9×9 .
We will refer to C = C̄ as to full information case and to C = C̊ as to partial
information case.

2.3

Control allocation setup

We put our focus on overactuated vehicles, this being a key feature while performing tasks such as fault accommodation and control reconfiguration. The
redundancy of control surfaces can be expressed by a simple, linear effector
model:


τt
τ = Gδ, δ :=
(3)
δ1
where δ 1 ∈ R4 is a vector incorporating left and right aileron deflections, and
left and right rudder (or elevon) deflections:


δal
 δar 

δ1 = 
 δrl 
δrr
A typical class of vehicles equipped with a surface architecture of this kind
is offered, for example, by the so-called V-tail aircrafts [13]. In particular, a
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pitching moment is induced when moving the ailerons jointly, while moving
them alternatively produces a rolling moment. Similarly, yawing moment is
induced by an alternative movement of elevons, while a joint movement produces
a pitching moment. The matrix G ∈ R4×5 is assigned by


1 0
0 0
0
 0 
 1
1 
,
G=
 0 1 −1 0
0 
2
2
0 0
0 1 −1
where the parameter  > 0 is inverse proportional to the distance between the
aircraft center of gravity (usually assumed aligned with wings) and the tail.
Concerning the low-level control loop, the system is supposed to be controlled by
an autopilot responsible to produce the desired control effect τ c , that is typically
provided by a suitable controller. The generation of the desired control effect
is distributed over the redundant effectors according to (3), in particular the
control allocation module is in charge to determine δ c such that
τ c = Gδ c .

2.4

Wind disturbance

The airspeed dynamics is affected by the wind effect, that can be expressed by
the additional input


−R φ̃, θ̃, ψ̃ ν̇
where ν̇ = [ν̇N ν̇E ν̇D ]T is the wind acceleration expressed in the inertial frame.
The wind ν is typically decomposed as the sum of a steady component (known
or accurately estimated) ν ∗ with ν̇ ∗ = 0 and a turbulence component ν 0 : this
leads to an input disturbance ξ(t) ∈ R9 given by
 0 
 #
"

ν̇N
φ̃,
θ̃,
ψ̃
−R
0
(4)
ξ(t) = N(t)  ν̇E  , N(t) :=
06×3
ν̇ 0
D

Summarizing, combining (1)-(4), we have to deal with the following uncertain
linear plant
ẋ = Ax + BGδ + Nν̇ 0
(5)
y = Cx
where N = N(t) is a time-varying input matrix. In order to model in a realistic
way the wind gusts, the widely accepted Dryden wind turbulence model, also
known as Dryden gusts, is used [17]. The Dryden model uses spatially varying
stochastic processes to represent the components of the gusts, specifying their
power spectral density.
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3

Icing and fault model

The accretion of clear ice on the aircraft surfaces modifies stability and control
derivatives according to the following linear model [18]
C]ice
= (1 + ηK]i )C]i ,
i

] = X, Y, Z, L, M, N
i = u, v, w, p, q, r, τe , τa , τr

(6)

where η is the icing severity factor and the coefficient K] depends on aircraft
specifications [18]; the clean condition corresponds to η = 0, while the all iced
condition occurs for η = ηmax [19]. Such model has been developed on the basis
of real data obtained from different icing encounters [18]. The overall effect of
icing can be modeled as an additive disturbance term ηω, where η is a scalar
unknown quantity and the vector ω is assigned by
ω = AE x + BE τ
with
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where the coefficients E] are obtained from K] and C] by performing linear
combinations. The icing severity factor evolves according to the law
η = f (υ) · χ
where υ is the fraction of water freezing at a point on a surface to the water
impinging on the surface,
υ=

mass of water freezing
,
mass of water impinging
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and χ ≥ 0 is the accumulation parameter defined as the mass flux [20]
χ̇ =

eλFa
(1 − ιairf oil ),
%c

(7)

e being the collection efficiency, λ the liquid water content, Fa is the free stream
velocity, % the ice density, c is the airfoil chord and ιairf oil ∈ [0, 1] is the airfoil
icing protection coefficient. Both the fraction υ and the ice density ρ depend on
the air temperature and the relative humidity. In particular, when the temperature is below −10◦ C the factor υ satisfies υ ≈ 1, this corresponding to rime ice
formation; on the other hand, if the temperature is between −10◦ C and 0◦ C,
glaze ice typically appears with υ < 1. On the other hand, due to aerodynamical
cooling effects, icing can also occur when the outside air temperature is close
to freezing point but still warmer than 0◦ . It has been observed experimentally
[18] that the icing severity factor achieves its maximum ηmax when the freezing
fraction υ is close to the value υg = 0.2, while it decreases to a steady value as
υ approaches 1.
Icing can also impact on the aircraft maneuverability by decreasing the effectiveness of control surfaces. Assume that the effector position is driven by the
dynamical relationships
δ̇[ = f[ (δ[ , γ[ ),

[ = al, ar, rl, rr,

where γ[ is the actuator input and the vector field f (·, ·) is supposed to be
asymptotically stable for the free dynamics δ̇[ = f[ (δ[ , 0). The presence of ice
may cause malfunctions of actuators and surface blockage; the effects can be
generally modeled as the combination of loss of efficiency multiplicative factors
d[ (t) and additive factors ϕ[ :
δ̇[ = d[ f[ (δ[ , γ[ ) + ϕ[ ,

[ = al, ar, rl, rr

d[ = 1
t ≤ t0
d[ ∈ [0, 1) t > t0
ϕ[ 6= 0
t ≥ t00

(8)

(9)

It must be noticed that the same model catches also the effects of electrical or
mechanical faults that may occur in effectors and actuators. For this reason,
throughout the chapter, model (8)-(9) will be referred to as a generic effector
fault.

4

Unknown Input Observer framework

The approach presented in this survey is based on unknown input observers
(UIOs) [5]; the main advantage of such observers is that, if some structural
conditions are met, the parameters can be designed such that the resulting
estimation error is independent of some inputs of the systems, even if these are
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not measured directly. In this regard, let us consider a general linear system of
the form

ẋ = Ax + Bv + Xvun
y = Cx
where v is the nominal input, and vun is an unknown additional input, e.g.
a disturbance. The input matrix X is supposed to be known. The general
structure of an UIO for such linear plant is the following:

ż = Fz + SBv + Ky
x̂ = z + Hy
where the matrices F, R, K and H are design parameters. It is worth to note
that, in order to achieve a correct asymptotic state estimation, the matrix F
has to be Hurwitz, i.e. all its poles must lie in the open left half-plane. The
estimation error is defined as the difference between the true state x(t) and the
estimated state x̂(t):
(t) = x(t) − x̂(t).
Exploiting the observer structure, the dynamics of the error is ruled by the
following equation
˙

= [(In×n − HC)A − KC + FHC]x − Fx̂
+(In×n − HC)Xvun + (I − HC − S)Bv

Setting K = K1 + K2 , if the following conditions are satisfied
S = In×n − HC
F = SA − K1 C,

(10)
σ(F) ∈ C

−

K2 = FH

(11)
(12)

then the latter equation reduces to
˙ = F + SXvun
where σ(·) stands for the spectrum of a matrix and the set C− in the left open
complex half-plane. It is worth to note that a sufficient condition for F to
be Hurwitz is the freedom to assign the eigenvalues of the matrix SA − K1 C
through the feedback gain K1 ; to this purpose we give the following statement.
Theorem 4.1: ([5]) Let Q ∈ Rn×` be a matrix satisfying the following conditions
(C1) rank(Q) = rank(CQ);
(C2) the pair (C, AQ ) is detectable, where
AQ := A − Q((CQ)T CQ)−1 (CQ)T CA.
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Then the matrices H, S, F, K can be found such that equalities (10)-(12) hold
true together with
SQ = 0.
(13)
A particular solution for H is given by
HQ = Q((CQ)T CQ)−1 (CQ)T .
Conversely, if equalities (10)-(13) are satisfied, then Q verifies (C1) and (C2).
The above theorem states necessary and sufficient conditions for the existence of an UIO such that (13) is satisfied. This latter condition is fundamental
to make the estimation error insensitive to some of the effector/actuator faults
or independent of additive uncertain inputs.
UIOs are well established and helpful tools for robust fault detection, and they
have been studied already in the context of flight fault diagnosis [21] [22]. An
observer satisfying property (13), is sometimes defined as a zeroing fault input
UIO [7], and a bank of fault detection and isolation schemes can be easily designed thanks to such feature by selecting the S matrix in order to cancel out
the whole input matrix B except, sequentially, its j th column as j varies in
{1, 2, ..., m}. By this procedure, the set of measurable signals {%(j) = C(j) }m
j=1
is provided, and the faults can be detected and isolated according to a simple
logic

||%(j) (t)|| ≤ γ (j) ⇐ no faults
||%(j) (t)|| > γ (j) ⇒ presence of faults in the j th actuator
where γ (j) are suitable thresholds depending on measurement noise levels and
other bounded perturbations. An alternative design scheme is based on UIOs
with constrained output directions [23] [24]. Assume m ≤ p and consider the
canonical basis of Rp , namely e1 , ..., ep . Since by assumption the output matrix
C is full-rank, there exists Ω ∈ Rn×p such that
CΩ = Ip×p = [e1 · · · ep ].
The general solution of such equation is given by
Ω = CT (CCT )−1 + [In×n − CT (CCT )−1 C]Ω∗ ,

(14)

where Ω∗ ∈ Rn×p is an arbitrary matrix. Denoting by Ω1 , ..., Ωp the columns
of the matrix Ω, the basic idea of the method is to design the observer parameters in order to guarantee that, if a fault occurs in the j th actuator, then
the estimation error maintains the direction Ωi during the system evolution,
this corresponding to a fixed direction ei for the residual. It is worth to note
that a design constraint for the achievability of this condition is that directions
Ω1 , ..., Ωp need to correspond to eigenvectors of the observer matrix F [25].
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5
5.1

Diagnosis and accommodation
Detection and Isolation in UAVs using UIOs

This section is devoted to the design of a fault diagnosis scheme able to detect
the icing and to identify wether the presence of ice on a particular control
surface is causing a loss of effectiveness of the surface itself, or the ice accretion
on the leading edge of the wings and tail is causing a change of the airfoils
aerodynamical properties. The method is to design the FD scheme based on
UIOs with constrained output directions [8] [26] [9]. Referring to the effector
model (3), let us consider the decomposition
G = [G1 G2 G3 G4 G5 ]
and set W = BG with
W = [W1 W2 W3 W4 W5 ].
Consider a generic linear UIO assigned by the equations
ż = Fz + SBτc + Ky
x̂ = z + Hy
where τ c is the nominal commanded input, and assume that the observer matrices are designed such that conditions (10)-(11) are met. The matrix H ∈ R9×p ,
with either p = 9 or p = 7, is a free design parameter that can be tuned in order
to assign desired directions to residuals and to decouple them from unknown
input disturbances. However, due to the rank deficiency of W, it is not possible
in this cases to address a decoupled distribution of the faults effects over a set
of characteristic directions in the output space and it is then required to deal
with linear combinations of such directions. The two cases of full and partial
information have to be treated separately.
5.1.1

Full information case

Let us consider the case C = C̄ first. Referring to the wind input matrix (4), let
us select three linear independent and constant vectors N1 , N2 , N3 ∈ R9 with
span{N1 , N2 , N3 } = spanN(t) ∀t ≥ 0.
The basic idea is to make the residuals independent on the three components
of the wind force, and to assign a particular output directions to each of the
four input vectors corresponding to control surfaces (not including the engine
throttle input vector W1 ). This is expressed by the identities
C̄(I − HC̄)Ni = 0,
C̄(I − HC̄)Wi+1 = ei ,

i = 1, 2, 3

(15)

i = 1, 2, 3, 4,

(16)

where ei is the ith vector of the standard basis in the output space R7 . On
the other hand, the four conditions (16) cannot be imposed simultaneously due
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to the lack of rank of the matrix G, and we have to limit to consider three of
them. To design such matrix H one can proceed as follows. Select a set of three
independent vectors in R9 , namely {b1 , b2 , b3 }, such that
C̄bi = ei

i = 1, 2, 3.

Setting Υ = [0 0 0 b1 b2 b3 ] and Λ234 = [N1 N2 N3 W2 W3 W4 ] with
Υ, Λ234 ∈ R9×6 a simple solution is given by
H234 = (Λ234 − Υ)(C̄Λ234 )−L ,
where (·)−L stands for the left-pseudo inverse of a matrix. Choosing a different
combination, say Λ345 = [N1 N2 N3 W3 W4 W5 ], a second solution is found
H345 = (Λ345 − Υ)(C̄Λ345 )−L .
Summarizing, we have two distinct UIOs, whose estimated states x̂(1) , x̂(2) satisfy
ẋ − x̂˙ (1) = F(1) (x − x̂(1) ) + S(1) (Nν̇ + BGδ̃ + ηω)
ẋ − x̂˙ (2) = F(2) (x − x̂(2) ) + S(2) (Nν̇ + BGδ̃ + ηω)

(17)
(18)

where the matrices are defined as
(i)

F(i) = S(i) A − K1 C̄,
(1)

S

= I − H234 C̄,

(2)

S

i = 1, 2
= I − H345 C̄

S(1) [W2 W3 W4 ] = S(2) [W3 W4 W5 ] = [b1 b2 b3 ]
and δ̃ is the deviation of the actual control inputs from the commanded inputs
δ̃ = δ − δ c , with Gδ c = τ c .
(i)

The key point of the construction is the selection of the matrix K1 i = 1, 2 in
a way that F(i) is Hurwitz with the triple {b1 , b2 , b3 } included in the set of
its eigenvectors. This can be easily addressed by choosing an arbitrary Hurwitz
matrix M(i) having {b1 , b2 , b3 } as eigenvectors and setting
(i)

K1 = (S(i) A − M(i) )C̄−1 .

(19)

The icing identification can be performed combining the two observers, i.e.
defining a suitable logic to gather information from residual directions. Let
us denote by Π̄i the linear projection operator on the subspace span{ei } ⊂
R9 , i = 1, ..., 9, e.g.
Π̄1 = diag(1, 0, 0, 0, 0, 0, 0, 0, 0)
Π̄2 = diag(0, 1, 0, 0, 0, 0, 0, 0, 0)
..
.
Π̄9 = diag(0, 0, 0, 0, 0, 0, 0, 0, 1).

12

Proposition 5.1: Set (i) = C̄(x − x̂(i) ), i = 1, 2. Assume the estimator transients due to the initial conditions to be negligible, i.e. (i) (0) = 0. Then, we
can state the following decision rule.
• Π̄1 (1) = (1) 6= 0 ⇒ faulty effector δal


Π̄2 (1) = (1) 6= 0
•
⇒ faulty effector δar
Π̄1 (2) = (2) 6= 0


Π̄3 (1) = (1) 6= 0
•
⇒ faulty effector δrl
Π̄2 (2) = (2) 6= 0
• Π̄3 (2) = (2) 6= 0 ⇒ faulty effector δrr
• Π̄j (i) 6= (i) ∀i = 1, 2 ∀j = 1, 2, 3 ⇒ airfoil icing
A formal proof of this result can be found in [27].
Remark 5.1: The proposed decision rule can be extended to handle the case
of multiple faults, i.e. the simultaneous failure of two effectors. The residuals
turn out to be directed as combinations of two of the basis vectors, and hence
the faulty devices can be still identified. However in this latter case, due rank
deficiency, it is unlikely that exact control reconfiguration can be achieved by
control allocation.
Remark 5.2: It is worth to note that only 6 of 9 outputs are effectively used
in the proposed scheme, i.e. 3 degrees of freedom for zeroing the wind effects,
and 3 degrees of freedom for assigning output directions to the columns of the
matrix W. Such dual redundancy may be used to enhance robustness of the
algorithm in spite of sensor faults. As a matter of fact, icing may also occur on
airspeed sensors, typically causing over-estimation of velocity; for this reason,
in the absence of probes equipped with heating devices, it may be safer to base
the icing diagnosis method on a set of 6 outputs only, namely (φ, θ, ψ, p, q, r),
in order to exclude possible biased airspeed measurements.
5.1.2

Partial information case

In the partial information case C = C̊ we have 7 independent outputs, and
hence there are 7 directions that can be freely assigned. The construction is
analogous to the full information case but, since dim(span{C̊N(t)}) = 1, there
is no feasible way to design the observer being decoupled from wind accelerations
in the lateral and vertical directions, namely ν̇y` , ν̇z` . Similarly to the previous
design procedure, we set
H234 = (Λ234 − Υ)(C̊Λ234 )−L ,
H345 = (Λ345 − Υ)(C̊Λ345 )−L
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where the original matrices Λ and Υ have been replaced by
Λ234 = [N1 W2 W3 W4 ]
Λ345 = [N1 W3 W4 W5 ]
Υ = [0 b1 b2 b3 ],
with N1 ∈ span{C̊N(t)}. The following assumption, which is an extension of
(19), guarantees that the eigenstructures of the matrices F(i) can be assigned
properly [28].
(i)

(i)

Assumption 5.1: A matrix K1 , i = 1, 2, can be designed such that σ(S(i) A − K1 C̊) ∈
C− together with
(i)

(i)

F(i) bj = (S(i) A − K1 C̊)bj = λj bj

(20)

(i)

for some λj < 0 and j = 1, 2, 3.
(i)

A sufficient condition for the existence of a gain matrix K1 with the desired
properties can be found in [26].
Let us denote by Π̊i the linear projection operator on the subspace span{ei } ⊂
R7 , i = 1, ..., 7, e.g.
Π̊1 = diag(1, 0, 0, 0, 0, 0, 0)
Π̊2 = diag(0, 1, 0, 0, 0, 0, 0)
..
.
Π̊7 = diag(0, 0, 0, 0, 0, 0, 1).
⊥

In addition we denote by Π̊i the projection operator on the subspace orthogonal to span{ei }. Since in this case the wind disturbances are not completely
decoupled, we need to introduce suitable thresholds in the partial information
isolation scheme. Suppose that bounds on the wind accelerations are available,
i.e. |ν̇y` | ≤ ϑy , |ν̇z` | ≤ ϑz . Set ϑ = [0 ϑy ϑz ]T and
µ(i) (t) =

Z

t

(i)

eF

(t−ς) (i)

S ϑdς,

0

the latter being an upper bound for the forced response of residuals to wind
disturbances.
The following result is a generalization of the rule stated in Proposition 5.1,
where the identities have been replaced by inequalities in order to take into
account model uncertainties and disturbances, these being no longer decoupled
from residuals in the partial information case.
Proposition 5.2: Set (i) = C̊(x − x̂(i) ), i = 1, 2. Assume the estimator transients due to the initial conditions to be negligible, i.e. (i) (0) = 0. Then, we
can state the following decision rule for (i) 6= 0:
14

⊥

• kΠ̊1 (1) − (1) k ≤ kΠ̊1 µ(1) k ⇒ faulty effector δal
(
•

⊥

kΠ̊1 (2) − (2) k ≤ kΠ̊1 µ(2) k
(

•

⊥

kΠ̊2 (1) − (1) k ≤ kΠ̊2 µ(1) k

⊥

kΠ̊3 (1) − (1) k ≤ kΠ̊3 µ(1) k
⊥

kΠ̊2 (2) − (2) k ≤ kΠ̊2 µ(2) k

)
⇒ faulty effector δar
)
⇒ faulty effector δrl

⊥

• kΠ̊3 (2) − (2) k ≤ kΠ̊3 µ(2) k ⇒ faulty effector δrr
⊥

• kΠ̊j (i) − (i) k > kΠ̊j µ(i) k ∀i = 1, 2 ∀j = 1, 2, 3 ⇒ airfoil icing
Remark 5.3: In this case, the isolation of a fault is achieved when the difference
between the residual (i) and its projection on the direction ej remains bounded
by the projection of the wind acceleration threshold µ(i) on the orthogonal subspace {ej }⊥ . A similar logic can be adopted to handle other types of system
perturbations, such as model uncertainties or measurement noise. Moreover, a
frequency separation approach with the introduction of additional filters may be
helpful, since wind acceleration and sensor noise are high frequency disturbances
while icing is characterized by a low frequency.

5.2

Control allocation based icing/fault accommodation

Once the icing has been detected, the control scheme is switched to some alarm
mode. The alarm mode may be read as a reconfiguration in the case of effector
icing [29] [7], or as the activation of an automated de-icing device in the case
of accretion of ice on the leading edge of the wings [4]. Let us treat the two
scenarios separately.
5.2.1

Effector icing: control reconfiguration

Suppose that one of the effectors has been identified as faulty or iced, say δ[?
with [? ∈ {al, ar, rl, rr}. Avoiding the use of the effector δ[? is desirable in
order to prevent loss of control, and hence the corresponding actuator input v[?
is set to zero in (8). However, due to the presence of the factor d[? , this does
not ensure that the state of δ[? converges to zero [30]; in particular, denoting
by Ψ[? (t, td ) the solution of the free evolution equation (8) for t larger than the
fault detection time td , one has
lim Ψ[? (t, td ) = δ̄[? ∈ R,

t→+∞

δ[†? (t) := Ψ[? (t, td ) − δ̄[? .

With a slight abuse of notation we indicate with G[? the column of G corresponding to the faulty effector, and with δ̆ ∈ R4 , Ğ[? ∈ R4×4 the reduced order
control input and the matrix obtained from G by removing the column G[? ,
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respectively.
The control allocation scheme is updated, and the new task is to generate a
control action able to produce the desired virtual input using the safe effectors
only:
τ̆ c = Ğ[? δ̆,
where τ̆ c has also been modified in order to compensate for the torque generated by the faulty device, i.e. τ̆ c = τ c − G[? Ψ[? (t, td ). To take into account
for possible physical or operational limitations (δal , δar , δrl , δrr ) ∈ Y, a direct
control allocation method is proposed to generate the updated virtual input.
Denoting by τ (α) the diagonal matrix τ (α) = diag(1, α, α, α) with α ∈ [0, 1],
the allocation reduces to the optimization problem
max : ∃δ̆ ∈ Y̆[? with Ğ[? δ̆ = τ (α)τ c

α∈[0,1]

?
?
or, equivalently maxα∈[0,1] : δ̆ c = Ğ−1
[? τ (α)τ c ∈ Y̆[ , where Y̆[ is the reducedorder constraint set. The advantage of direct allocation is that, even though
the inputs are saturated, their joint effect has exactly the same orientation as
the desired virtual input with a possible downsized magnitude, thus reducing
the risk of stall angles and other hazardous conditions for aircraft stability. On
the other hand, in certain operational conditions, it could be preferable to give
priority to generate a particulate torque rather than the others: in this case, the
direct allocation can be modified choosing independently the rescaling factors,
i.e. setting τ = (1, α1 , α2 , α3 ).
We notice that, if icing occurs on several effectors, the degrees of freedom
in the control allocation scheme might be insufficient to guarantee a complete
reconfiguration. However, performing an estimation of the loss of efficiency (see
for instance [31]) allows to compensate partially for the icing effect while keeping
the faulty effectors in use.

5.2.2

Airfoil leading edge icing: automated de-icing system

If ice accretion on airfoils is detected, the automated icing protection system
must be turned on, this corresponding to ιiairf oil > 0 in (7). The icing protection system is mainly constituted of layers of coating material, a coating
temperature sensor and a microcontroller, together with a thermocouple and an
electric power source [4].
The coating efficiency is regulated by the microcontroller with a PID that uses
the temperature as input. The ice layers detach when the coating temperature
is above 0◦ : due to aerodynamic cooling effect, a safety margin is imposed to
ensure complete ice melting, this corresponding to a positive reference temperature T? . In particular ιairf oil is an increasing function of coating temperature
T and ice thickness χ with ιairf oil (T? , χ) ≥ 1 for χ > 0.
Remark 5.4: The icing protection subsystem can also be used in anti-icing
mode. Gathering atmospheric data such as relative humidity, the automated
icing protection system can be turned on whenever the aircraft encounters potential icing conditions.
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6

Enhanced quasi-LPV framework

The unknown input observer framework described in Section 4 and used for
detection and isolation of faults and icing in Section 5 has the limitation of
considering an LTI model of the UAV, which has been obtained by linearizing
the vehicle nonlinear model as described in Section 2. Therefore, the developed approach is reliable only as long as the linearized model is consistent with
the nonlinear one. A way to overcome this limitation, which allows maintaining the simplicity brought by a linear structure, is to use a linear parameter
varying (LPV) formulation to cope with the nonlinearities. Unlike linearization
techniques, LPV methods do not involve any approximation, since they rely on
an exact transformation of the original nonlinear system into a linear-like one,
by incorporating all the original nonlinearities within some varying parameters
that schedule the state space matrices [32]. The resulting model is referred to
as quasi-LPV, due to the dependence of the varying parameters on endogenous
signals.

6.1

Nonlinear embedding

More specifically, the UAV nonlinear model described in Section 2 can be
brought to a quasi-LPV form using the nonlinear embedding in the parameters approach [33, 34]:
ẋ = A(x)x + B(x)τ + d(x)

(21)

with:







A(x) = 













B(x) = 







d(x) =



Xu (x) Xv (x) Xw (x)
Yu (x) Yv (x) Yw (x)
Zu (x) Zv (x) Zw (x)
0
0
0
0
0
0
0
0
0
Lu (x) Lv (x) Lw (x)
Mu (x) Mv (x) Mw (x)
Nu (x) Nv (x) Nw (x)
Xτt
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0

Xτe (x)
0
0
0
Yτa (x) Yτr (x)
Zτe (x)
0
0
0
0
0
0
0
0
0
0
0
0
Lτa (x) Lτr (x)
Mτe (x)
0
0
0
Nτa (x) Nτr (x)

−g sin θ̃

g cos θ̃ sin φ̃

0
0
Xq (x) Xr (x)
0 Yp (x)
0
Yr (x)
0 Zp (x) Zq (x)
0
0
1
Φq (x) Φr (x)
0
0
Θq (x) Θr (x)
0
0
Ψq (x) Ψr (x)
0 Lp (x) Lq (x) Lr (x)
0 Mp (x) Mq (x) Mr (x)
0 Np (x) Nq (x) Nr (x)















g cos θ̃ cos φ̃ 01×6
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T
















where the role of the coefficients is akin to the one in the linearized model (1),
although their expressions differ.

6.2

LPV unknown input observer

Taking into account the wind, the actuator faults and the icing, the quasi-LPV
UAV model can be brought to the general LPV form

ẋ = A(ϑ)x + B(ϑ)v + X(ϑ)vun + d(ϑ)
y = Cx
with notation similar to the one used in Section 4, but with the relevant property
that the matrices A, B, X depend on a varying parameter vector ϑ, which is
measured or estimated. It is also assumed that its derivative ϑ̇ is measured or
estimated.
The structure of an UIO for such LPV plant is the following

ż = F(ϑ)z + S(ϑ)B(ϑ)v + K(ϑ)y − Ḣ(ϑ, ϑ̇)y + d(ϑ) − H(ϑ)Cd(ϑ)
x̂ = z + H(ϑ)y
where Ḣ(ϑ, ϑ̇) is the time derivative of H(ϑ).
Then, the dynamics of the estimation error is described by
˙

= [(In×n − H(ϑ)C)A(ϑ) − K(ϑ)C + F(ϑ)H(ϑ)C]x − F(ϑ)x̂
+(In×n − H(ϑ)C)X(ϑ)vun + (In×n − H(ϑ)C − S(ϑ))B(ϑ)v

which, through the choice
S(ϑ) = In×n − H(ϑ)C

(22)

F(ϑ) = S(ϑ)A(ϑ) − K1 (ϑ)C

(23)

K2 (ϑ) = F(ϑ)H(ϑ)

(24)

K(ϑ) = K1 (ϑ) + K2 (ϑ)

(25)

becomes
˙ = F(ϑ) + S(ϑ)X(ϑ)vun
Notice that F(ϑ) can be chosen as a constant matrix F through an appropriate choice of the matrix K1 (ϑ), which allows assuring convergence to zero
of the estimation error  with vun = 0 if σ(F) ∈ C− . On the other hand, the
matrix function S(ϑ) can be chosen to constrain the range of S(ϑ)X(ϑ), in
such a way that different output directions of the residuals are assigned for the
unknown inputs acting on the system, with the aim of identifying the cause for
some detected system malfunctions.
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6.3

Application to the UAV fault/icing diagnosis

Due to the superposition of effects and the lack of degrees of freedom in the
UIO design, it is not possible to decouple completely the wind disturbance and
icing effects from the actuator faults. However, it is still possible to design the
UIO matrices such that a successful fault/icing diagnosis can be achieved. For
the sake of simplicity, only the full information case will be detailed.
Let us notice that the following condition holds
ηω ∈ span{B(x), e2 , e3 }

∀t ≥ 0.

which allows us defining our target as designing the UIO matrices with the
following properties
S(x)[B(x) e2 e3 e4 e5 e6 ] = I9×9
Fei = λF
i ei
λF
i

∀i = 1, . . . , 9

−

where
∈ C , i = 1, . . . , 9, are the desired eigenvalues of the matrix F.
It is easy to check that the resulting matrix S(x) has the following structure:

 1
0 0 0 0 0
0
s18 (x)
0
Xτt

 0
0 0 0 0 0
0
s28 (x)
0


 0
0 0 0 0 0 s37 (x)
0
s39 (x) 


 0
0 0 0 0 0 s47 (x)
0
s49 (x) 


S (x)) = 
1 0 0 0 0 s57 (x)
0
s59 (x) 

 0

 0
0 1 0 0 0
0
s68 (x)
0



 0
0 0 1 0 0
0
0
0



 0
0 0 0 1 0
0
0
0
0
0 0 0 0 1
0
0
0
where the elements sij (x) are functions of the elements appearing in B(x).
Under the assumption that at a given time either a single fault or icing could
act on the system (no simultaneous multiple faults and icing), the following
decision rule can be employed for faults/icing diagnosis.
Proposition 6.1: Set  = x − x̂ and assume estimator transients due to initial
conditions to be negligible, i.e. (0) = 0, and the wind to be steady, i.e. ν = ν ∗
with ν̇ ∗ = 0. Then we can state the following decision rule.
• Π̄i  = 0 ∀i = 1, . . . , 9 ⇒ no faults


Π̄1  6= 0
•
⇒ faulty thrust
Π̄i  = 0 ∀i = 2, . . . , 9


Π̄2  6= 0
⇒ faulty elevator
•
Π̄i  = 0 ∀i = 1, 3, . . . , 9


Π̄3  6= 0
•
⇒ faulty aileron
Π̄i  = 0 ∀i = 1, 2, 4, . . . , 9
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•

Π̄4  6= 0
Π̄i  = 0 ∀i = 1, . . . , 3, 5, . . . , 9


⇒ faulty rudder

• else ⇒ airfoil icing
Remark 6.1: A threshold-based logic similar to the one described in Section 4
should be considered due to the presence of the wind turbulence input disturbance
ξ(t) described by (4). It is worth noticing that
S(x)N(t) = [× 0 0 0 × × 0 0 0]
with × indicating non-zero elements, which means that (at least in theory) the
wind turbulence should affect only Π̄i , i = 1, 4, 6. However, due to undesired
effects such as presence of sensor noise and parametric uncertainties, the wind
turbulence would affect the other residuals as well, although at a much smaller
extent.

7

Illustrative example: the Aerosonde UAV

The model of a typical small unmanned aircraft, the Aerosonde UAV (AAI
Corporation, Textron Inc.) has been used to illustrate the use of the UIO
framework for icing and fault diagnosis. A linear system describing the vehicle
dynamics about the trim condition
u∗ = 22.95 m/s, v ∗ = 0.5 m/s w∗ = 2.3 m/s
φ∗ = 0 rad, θ∗ = 0.2 rad, ψ ∗ = 0 rad
∗
p = 0 rad/s, q ∗ = 0 rad/s, r∗ = 0 rad/s
can be easily obtained taking a first-order approximation. Assuming the air
density ρ = 1.2682 Kg/m3 , the system matrices A, B can be computed using
the control and stability derivatives for the Aerosonde UAV that are reported in
[13]. The icing impact coefficients E in the matrices AE and BE can be estimated
noticing that, in total icing conditions, the change in lift and drag coefficients
has been experimentally observed to obey the rule [18]:
• 10% reduction of coefficients CZα , CZδe , Cmα , Cmδe , Cpβ , Cpp , Cpδa
• 8% reduction of coefficients CYδr , Cpδr , Crr , Crδr
• 20% reduction of coefficients CYβ , Crβ
The system is supposed to be controlled by an autopilot and, in the considered
scenario, its objective is keeping the airspeed constant while slowly changing
the pitch (a ramp has been considered as reference). Wind disturbances ν
have been included in the simulations, with a maximum admissible acceleration
kν̇k ≤ 8m/s2 .
For the sake of simplicity, only the results for the partial information case have
been reported, this being the most practically significant scenario. The bank of
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unknown input observers has been designed, and to show the efficiency of the
methods, sensor noise has been included in the simulation study. As a matter
of fact, the gain matrices K1 (i) can be chosen as to satisfy Assumption 5.1.
In the first example, a fault has been supposed to affect the left rudder δrl for
t ≥ 40s, this causing a progressive loss of efficiency of the device. Figures 1
and 2 show the behavior of residuals (1) , (2) . Despite the presence of noise
and wind disturbances, in each residual a single component turns out to be
distinctly affected by the control surfaces failure, i.e. direction e3 for residual
(1) and direction e2 for residual (2) : according to the decision rule, the fault
can be therefore correctly identified. Control reconfiguration is activated for
t ≥ 60s and the nominal control action is recovered, as clearly illustrated in
Figure 3, where the pitch behavior is depicted. For the sake of completeness,
the resulting lateral airspeed v is also reported in Figure 4, although its dynamics
is only marginally affected by the fault.
The second example corresponds to incremental icing with the severity factor η
slowly varying from 0 to 0.2: Figures 5 and 6 illustrate the behavior of residuals
(1) and (2) (with partial information): each of the three components e1 , e2 and
e3 is significantly affected by the system perturbation, this allowing to identify
the anomalous effect caused by the ice accretion on airfoils. Finally the de-icing
routine has been activated, i.e. ιairf oil > 0 for t ≥ 120s, and the results of
icing accommodation on the longitudinal airspeed and on the pitch are shown
in Figure 7 and Figure 8, respectively: the icing severity factor is reduced until
a good performance of the system is recovered.
1.2
residual component e

1

1

residual ε(1)

0.8

residual component e2
residual component e3

0.6
0.4
0.2
0
−0.2
0

20

40

60

80
time (s)

100

120

140

160

Figure 1: Faulty rudder δrl : components e1 , e2 and e3 of residual (1) (partial
information case).
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