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Flight safety is of vital importance for tilt-rotor unmanned aerial vehicles (UAVs), which can take off and land vertically as well as
cruise at high speed, especially in different kinds of complex environment. As being the executor of the flight control, the actuator
failure will directly affect the controllability of the tilt-rotor UAV, and it has high probability of causing fatal personal injury and
financial loss. However, due to the limitation of weight and cost, small UAVs cannot be equipped with redundant actuators.
.erefore, there is an urgent need of fault detection and diagnosis method for the actuators. In this paper, an actuator fault
detection and diagnosis (FDD) method based on the extended Kalman filter (EKF) and multiple-model adaptive estimation
(MMAE) is proposed. .e actuator deflections are added to the state vector and estimated using EKF. .e fault diagnosis
algorithm of MMAE could assign a conditional probability to each faulty actuator according to the residual of EKF and diagnose
the fault. .is paper is structured as follows: first, the structure and model of tilt-rotor UAV actuator are established. .en, EKF
observers are introduced to estimate the state vector and to calculate residual sequences caused by different faulty actuators. .e
residuals from EKFs are used by fault diagnosis algorithm to assign a conditional probability to each failure condition, and fault
type can be diagnosed according to the probabilities. .e FDDmethod is verified by simulations, and the results demonstrate that
the FDD algorithm could accurately and efficiently diagnose actuator fault without any additional sensor.

1. Introduction

Tilt-rotor UAV, equipped with tilt-rotors, is a new type of
UAV which can take off and land vertically on any fixed
ground as well as cruise at high speed [1–3]. .e tilt-rotor
UAVs are being increasingly used in civil and military
applications, such as the search and rescue operations, re-
mote sensing, geographic studies, weather monitoring, and
various military applications [4–8]. It is one of the important
development directions of UAV in the future.

.e tilt-rotor UAV is similar to the fixed wing in the
horizontal flight stage. Its attitudes are controlled by the
aerodynamic lift acting on the deflected control surfaces
which are powered by the actuators of the flight controller
[9, 10]. During the mission, the environment is complex and
changeable, and actuator failure is inevitable. Generally, the
small and low-cost UAVs are equipped with only one set of

actuators, and there is no redundant actuator backup and no
sensors that measure actuator deflections. Actuator failure
will directly affect the flight controllability of the tilt-rotor
UAV, which can cause fatal personal injury and property
loss. .erefore, the actuator failure of the tilt-rotor UAV has
the most serious impact on flight safety. So, in order to detect
various kinds of faults and to maximum ensure flight safety,
it is essential to design an actuator FDDmethod in the flight
control system [7, 11].

Several model-based techniques have been used for FDD
[12–15]. A linear fault-tolerant control method was inves-
tigated by Zhang et al. in [16], which used an iterative
learning observer to estimate both stuck actuator deflection
and state vector. .is method can be adapted to many stuck
actuators.

An actuator fault detection and accommodation method
for linear MIMO system was presented to handle loss of
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actuator effectiveness in [17]. .is method separated the
stochastic system into two subsystems. One of them is no-fault
system, whose states were estimated by a reduced-order
Kalman filter. .e other is affected by the faults. In [18],
Amoozgar and Chamseddine proposed a quadrotor helicopter
actuator FDD system. A two-stage Kalman filter was used to
isolate and estimate possible faults, which were modeled as
losses in the control effectiveness of rotors, in each actuator. A
sensor fault detection and diagnosis system for small auton-
omous helicopters was presented in [19]. .e system used a
Kalman filter observer, obtained from input-output experi-
mental data, to detect fault by evaluating any significant
change in the behavior of the vehicle. .e system is imple-
mented with real flight data, and the results demonstrate that
“hard” and “soft” failures can be detected by the fault detection
system, and the detection results are better and more robust
when compared to the obtained using ARX linear observers.
In [20], a fault detection and diagnosis strategy based on neural
network and fuzzy system is proposed to detect sensor and
actuator faults of UAV. .e strategy was verified with a flight
control system of UAV, and the results showed that this
strategy could successfully detect the sensor faults.

Multiple-model adaptive estimation is a commonmethod
to detect actuator or sensor fault [21]. It is composed of
multiple Kalman filters, and each of them corresponds to the
system state under a specific fault. According to the residual of
each Kalman filter output, the hypothesis testing algorithm
sets the conditional probability of each fault. As long as there
are a certain number of Kalman filters to estimate the ex-
pected fault, the MMAE method can be applied in practice.
However, enough Kalman filters are required to cover the
possible faults, so the calculation of this method is very large,
and the fault that can be isolated is limited. Particularly for the
stuck fault, the filters have high efficiency only near the preset
working state. In addition, the Kalman filter used in the
MMAE method is mostly suitable for describing linear dif-
ferential equation, while for most practical applications, the
dynamics of tilt-rotor UAV is mostly described by nonlinear
differential equation.

In this paper, an actuator fault detection and diagnosis
method is proposed to monitor the health status of the tilt-
rotor UAV actuators. An extended Kalman filter is in-
troduced in the FDDmethod, which increases the actuator
deflection to the state vector. And the control input matrix
and dynamics matrix of the EKF are modified for non-
linear estimation of the actuator deflection and other fault
parameters. Only one filter will be used to monitor the
health status of one actuator, which greatly reduces the
number of filters used to monitor actuator failure. Fur-
thermore, the MMAE method is combined with the ex-
tended Kalman filter to calculate the fault conditional
probability online according to the residual and the state
error covariance matrix of each EKF. .en the faulty
actuator can be isolated. In this case, the proposed method
can accurately and efficiently detect the actuator faults,
even if the actuator is stuck near the trim position. .e
effectiveness of the proposed method is implemented and
evaluated by simulations, and the simulation results show
that the actuator FDD strategy could diagnose the actuator

faults successfully with high levels of accuracy and effi-
ciency without any need to add additional sensors to
measure actuator deflections or to change the flight
controller.

.e article is organized as follows. In the next section, the
structure of the tilt-rotor UAV is presented, and the actuator
model is established. In Section 3, the actuator FDD method
based on the EKF and MMAE is introduced, and the the-
oretical basis of extended Kalman filter is derived step by
step. .e numerical simulations as well as their results are
conducted and analyzed in Section 4. Finally, conclusions
are drawn in Section 5.

2. Structure and Model of the Tilt-Rotor
UAV Actuator

2.1. Structure of the Tilt-Rotor UAV. .e research object of
this paper is a tilt-rotor UAV, which adopts blended wing
body configuration and has two control surfaces, as shown in
Figure 1. One is left aileron, and the other is right aileron.
Left/right ailerons are completely independent, whichmeans
that ailerons could rotate in one direction together or move
up and down independently. .is structure can generate
some pitching motion by using the synchronous motion of
aileron or some rolling motion by using the differential of
aileron. .e physical parameters of the tilt-rotor UAV are
described in Table 1.

.e coordinate systems involved in this paper are
configured as follows. .e tilt-rotor UAV chooses the east-
north-up geographic coordinate system as the navigation
system (n-frame, O-XnYnZn). .e axis direction of the body
coordinate system (b-frame,O-XbYbZb) is defined as follows:
X-axis is pointing to the forward side of the aircraft, Y-axis is
along the right side of the aircraft, Z-axis is pointing to the
vertical side, and X, Y, and Z-axes are in a right-handed
coordinate system.

2.2. Aircraft Nonlinear Dynamics. During the flight, the
aircraft makes various maneuvers by changing its attitude,
which requires applying aerodynamic torque to the body.
.e aerodynamic torque is only related to the aerodynamic
effect on the control surfaces of the tilt-rotor UAV such as
the left and right ailerons. .e relationship between angular
velocity and the torques applied to the aircraft can be written
as follows:
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where p is the roll rate of the UAV. q is the pitch rate of the
UAV. r is the yaw rate of the UAV. Ib is the body-fixed
inertia matrix of the UAV. L, M, N represent the rolling
torque, pitching torque, and yawing torque of UAV,
respectively.

In this paper, the aerodynamic torques of the small
tilt-rotor unmanned aerial vehicle are modeled as follows
[10]:
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L � qSbCL δal, δar, p, r, β( ,

M � qScCM δal, δar, α, q,( .

N � qSbCN δal, δar, r, β( ,

(2)

where q is dynamic pressure; q � (1/2)ρV2. S is the wing
reference area of UAV. b is the wing span length and c is the
mean aerodynamic wing chord. CL, CM, CN represent the
correlation aerodynamic coefficient, respectively..eUAV’s
left aileron is δal; its right aileron is δar. α is the angle of
attack. β is the sideslip angle.

.e inertia matrix is

I �

Ixx 0 Ixz

0 Iyy 0

Izx 0 Izz

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, (3)

where the aircraft is symmetrical about the XOZ plane, so
Ixy and Iyz are assumed to be 0 according to the shape of the
UAV. Ixx is the moment of inertia about the x-axis. Iyy is the
moment of inertia about the y-axis. Izz is the moment of
inertia about the z-axis. Ixz and Izx are the product of inertia.

2.3. Model of the Tilt-Rotor UAV Actuator. .ere are two
types of faults in UAV actuators [22]; one is the complete
failure state that does not respond to the control command
completely; for example, the control surface is stuck or
swung. .e other is the partial failure state that can respond
to the control command but cannot achieve the expected
control effect. For example, when the control surface is

damaged, the control gain of the channel will be reduced,
which cannot achieve the expected control effect. Among
them, the stuck fault of actuator will make the UAV unable
to respond to the command of flight control system, which is
the most dangerous to the flight safety.

When the actuator is stuck or swung at a certain po-
sition, it can be regarded as the expected input control
command of the actuator is disconnected and replaced by a
wrong control command. .e fault model of UAV actuator
is shown in Figure 2.

According to Figure 2, the real input of the actuator can
be written as follows:

ui(t) � δi(t) + σAi δi(t) − δi(t) . (4)

When the actuator fails, the unknown deflection vari-
ables can be written as

δ(t) � δ1(t)δ2(t), . . . , δn(t) 
T
, (5)

where ui is the real input of the ith actuator of UAV. δi is the
expected deflection of the ith actuator without failure. δi is
the deflection of the ith actuator under fault condition.σAi is
the fault sign of the ith actuator.

σAi �
1, when ith actuator fault,

0, otherwise.

⎧⎨

⎩ (6)

.e deflection of the ith actuator under fault condition δi

will be estimated by its corresponding extended Kalman
filter.

3. Actuator Fault Detection and
Diagnosis Method

3.1. Multiple-Model Adaptive Estimation Method. .e
MMAE method uses a set of parallel Kalman filters for fault
detection and diagnosis, and each Kalman filter corresponds
to one fault state. When a predefined fault state occurs, the
diagnosis algorithm calculates the fault probability of each
actuator according to the residual error and the state error
covariance matrix of each Kalman filter. Its basic working
principle is shown in Figure 3.
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Figure 1: Structure of the tilt-rotor UAV.

Table 1: Physical parameters of the tilt-rotor UAV.

Parameters Value
Weight 65 kg
Wing area 4.01m2

Mean aerodynamic wing chord 1.27m
Wing span 3.15m
Moment of inertia Ixx 53.31 kgm2

Moment of inertia Iyy 18.38 kgm2

Moment of inertia Izz 69.47 kgm2
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However, the MMAE method has some limitations in
practical application. First of all, the number of Kalman
filters used by MMAE method must cover all possible faults,
which directly leads to the huge computation cost of the
MMAE method. Secondly, the detection and diagnosis al-
gorithm has higher efficiency only when it works near the
predefined working state since each Kalman filter of the
MMAE method is corresponding to a predefined fault state.
When the actual fault of the actuator is different from the
predefined fault state, the MMAE method may not get
accurate fault diagnosis results. Finally, when the actuator is
stuck at any nonzero position, the performance of the
Kalman filter will be affected since the residuals of the filter
will be biased because of the ignorance of the actuator
deflection, which will lead to error fault diagnosis result and
inaccurate state variable estimation. .e tilt-rotor UAV is
impossible to effectively apply the fault diagnosis results to
reconstruct flight control system or control the UAV to
avoid threat.

3.2. FDD Method Based on the EKF and MMAE. .e FDD
method used in this paper combines the extended Kalman
filter with theMMAEmethod and uses the extended Kalman
filter to replace the linear Kalman filter in the MMAE
method. At the same time, the actuator deflection is chosen
as a part of state variables of the filter to estimate the system
state and fault parameters. .erefore, compared with the
MMAE method, the extended Kalman filter of the FDD
method can be applied to all possible fault positions of
actuator, not only to a predefined fault position. By using
only one extended Kalman filter, the whole fault conditions
of one actuator can be monitored, which greatly reduces the
number of filters used for actuator fault diagnosis and de-
creases the computing load. .e working principle of the

FDD method based on EKF and MMAE is shown in
Figure 4.

In the FDD method, a model is defined to describe the
ith actuator fault. .e ith column of the control input matrix
is modified to 0. .en, the state variable is extended by
increasing the actuator deflection of the ith actuator δi to
estimate the ith actuator deflection δi all the time. In ad-
dition, the dynamics matrix is expanded, and the aircraft
aerodynamics model corresponding to the ith filter is
changed by adding the elements of the control input matrix
of the ith column. In this way, the control input from the ith
actuator of the control system will be completely ignored,
but the faulty actuator deflection in the state vector will be
continuously estimated to modify the UAV aerodynamics
model of the ith filter, which minimizes the residuals of the
filter and makes the filter always correspond to the fault that
occurred. Hence, even if the actuator is stuck at a nonzero
position, the FDD algorithm can efficiently diagnose the
actuator fault and estimate the system state and the de-
flection of faulty actuator.

3.3. Extended Kalman Filter Design. .e continuous non-
linear differential equations describing the dynamic char-
acteristics of the tilt-rotor UAV in EKF can be written as [23]

_X � f(X, u) + w, (7)

Z � h(X) + v, (8)

where f(X, u) is the nonlinear function of the state variable
and the control input variable. X is the state vector. u is the
control input variable, and w is the zero mean random noise
vector. Z is the measurement vector, and v is the mea-
surement noise vector, which is used to describe measure-
ment noise of each sensor.
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Figure 2: Actuator fault model of the tilt-rotor UAV.
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For this kind of continuous nonlinear differential
equation, firstly, the equation is linearized at the working
point; then it is discretized by the Euler integral method.
After discretization, (7) and (8) can be expressed as follows:

Xk+1 � φk+1,kXk + GkUk + ΓkWk,

Zk � HkXk + Vk,
(9)

where the discrete transformation matrix
φk+1,k ≈ I + F(k)Ts, I is an n identity matrix. Ts is the
sampling time of the system. Gk is the control input matrix.
Γk is the system noise transformation matrix. F(k) is the
dynamic matrix of continuous system which can be cal-
culated as follows:

F(k) �
zf(X, u)

zX
,
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ClpSb2
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Figure 4: Working principle of the FDD method based on EKF and MMAE.
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where q∗ is the aerodynamic pressure q∗ � (1/2)ρV2
a. Va is

UAV’s airspeed. ρ is the air density. S is the wing area, b is the
wing span, and cA is the average chord length.

Wk is discrete system random noise vector, which is used
to describe the model uncertainty. Vk is discrete measure-
ment random noise vector, which is used to describe
measurement noise of each sensor. Wk and Vk satisfy the
following equation:

E Wk  � 0, Cov Wk,Wj  � E WkW
T
j  � Qkδkj,

E Vk  � 0, Cov Vk,Vj  � E VkV
T
j  � Rkδkj,

(11)

where δkj is the Kronecker delta function.
For reducing the computing load of the EKF, the vari-

ables most related to the aircraft state are the only variables
selected as the state vector of the FDD filter. .e state vector
of the FDD filter is defined as X � [p, q, r]T, and the
measurement vector of the FDD filter is defined as
Z � [p, q, r]T. .e control surface of the tilt-rotor UAV is
two ailerons, so the control vector u is defined as
u � [δr, δl]

T.
.en, the equations used in FDD filters can be described

as follows [24]:

Xk � I − KkHk φk,k−1
Xk,k−1 + KkZk,

Pk,k−1 � φk,k−1Pk−1φT
k,k−1 + Γk−1Qk−1ΓTk−1,

Pk � I − KkHk Pk,k−1,

Kk � Pk,k−1HT
k HkPk,k− 1HT

k + Rk 
− 1

.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(12)

In this case, the continuous transformation matrix and
control input matrix of the no-fault extended Kalman filter
can be expressed as
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Clδ d
Sb
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q∗ −
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Sb
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q∗

Cmδt
ScA

2Iyy

q∗
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ScA
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q∗

Cnδ d
Sb

2Izz

q∗ −
Cnδ d

Sb

2Izz

q∗
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,

(13)

where Q∗ � (1/2)ρV2S. .e discrete transformation matrix
of no-fault filter can be written as φnf,k � I + Fnf(k)Ts, and
the discrete control input matrix is Gnf,k � Gnf(k)Ts.

Taking the right aileron fault as an example, a filter is
designed to monitor the fault status of the right aileron. .e
state vector of the filter corresponding to the right aileron is
extended by adding the deflection of the faulty right aileron
δr in the state vector to monitor the occurrence of the right
aileron fault. .e state vector Xδr

can be written as

Xδr
�

X

δr

  � p, q, r, δr 
T
. (14)

.e extended state vector Xδr
satisfies the following

equations:

Xδr
(k + 1) � fxδr

Xδr
(k), δ(k)  + W(k),

Zδr
(k) � h Xδr

(k)  + V(k).
(15)

Equation (15) is linearized at the working point, and the
linearized system can be expressed as follows:

X(k + 1)

δr(k + 1)
  � φδr,k

X(k)

δr(k)
  + Gδr,kδ(k),

Z(k) � Hδr
(k)

X(k)

δr(k)
 ,

(16)

where the discrete transformation matrix of the right aileron
fault filter can be calculated as φδr,k � I + Fδr

(k)Ts, and the
discrete control input matrix of the right aileron fault filter
can be calculated as Gδr,k � Gδr

(k)Ts, where Fδr
(k) and

Gδr
(k) can be obtained as follows:

Fδr
(k) �

ClpSb2

2VaIxx

q∗ 0
ClrSb2

2VaIxx

q∗
Clδ d

Sb

2Ixx

q∗

CmpSc2A

2VaIyy

q∗
CmqSc2A

2VaIyy

q∗
CmrSc2A
2VaIyy

q∗
Cmδt

ScA

2Iyy

q∗

CnpSb2

2VaIzz

q∗ 0
CnrSb2

2VaIzz

q∗
Cnδ d

Sb

2Izz

q∗

0 0 0 1
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Gδr
(k) �

0 −
Clδ d

Sb

2Ixx

q∗

0
Cmδt

ScA

2Iyy

q∗

0 −
Cnδ d

Sb

2Izz

q∗

0 0
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.

(17)

.e measurement matrix of the right aileron fault filter
can be expressed as follows. .e extended Kalman filter for
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monitoring the left aileron fault can be designed in a similar
way:

Hδr
(k) � H(k) 0 . (18)

3.4. Actuator Fault Diagnosis. .e actuator fault diagnosis
algorithm sets the conditional probability of each fault
according to the residual and covariancematrix of state error
of each extended Kalman filter. In order to determine which
actuator is most likely to fail, the diagnosis algorithm needs
to refer to the measured data. .e most recently available
measurement vector is Zk, and the final measurement se-
quence is defined as Z

→
k � Zk,Zk−1,Zk−2, ...,Z0 . .e fault

probability pδi
[k] can be expressed as the posterior condi-

tional probability pδi
[k] � p(δi | Z

→
k), which means the

probability of actuator failure δi under the condition of the
last sequencing sequence Z

→
k. According to Bayes theorem,

the fault probability pδi
[k] can be written as

pδi
[k] � p δi Z

→
k

  �
p Z

→
k δi

  · p δi( 

p Z
→

k 

. (19)

According to the total probability theorem, probability
p(Z

→
k) can be decomposed into

p Z
→

k  � p Z
→

k δ1
  · p δ1(  + · · · + p Z

→
k δN

 

· p δN(  � 
N

j�0
p Z

→
k δj

  · p δj .

(20)

Combining the above two equations, the fault proba-
bility pδi

[k] can be expressed as

pδi
[k] � p δi Z

→
k

  �
p Z

→
k δi

  · p δi( 


N
j�0 p Z

→
k δj

  · p δj 

. (21)

To facilitate the recursive calculation of probability, the
measurement sequence Z

→
k can be written in the form of

Zk, Z
→

k−1 :

p Z
→

k δi

  � p Zk, Z
→

k−1 δi

 

� p Zk Z
→

k−1, δi 


  · p Z

→
k−1 δi

 

� p Zk δi, Z
→

k−1 

  · pδi
(k − 1).

(22)

Using the result of (22) in (21), the fault probability
pδi

[k] can be expressed as

pδi
(k) � p δi Z

→
k

  �

p Zk δi, Z
→

k−1 


  · pδi

(k − 1) · p δi( 


N
j�0 p Zk δj, Z

→
k−1 


  · pδj

(k − 1) · p δj 

.

(23)

In practice, the fault probability of each actuator is the
same. .erefore, the same prior probability can be specified

for all actuator faults p(δj) � 1/N, where N represents the
number of filters including fault-free filter. According to
Bayes theorem, the recursive form of the ith actuator fault
probability pδi

(k) can be written as follows:

pδi
(k) � p δi Z

→
k

  �

p Z � Zk δi, Z
→

k−1 


  · pδi

(k − 1)


N
j�0 p Z � Zk δj, Z

→
k−1 


  · pδj

(k − 1)

,

(24)

where the conditional probability p(Z � Zk |(δi, Z
→

k−1))

represents the probability that the system can obtain, the
measurement data Z � Zk at time k when the actuator fault
δi exists, and the last measurement sequence of the system is
Z
→

k−1.
When the dynamic characteristics of the UAV change

slowly, it can be assumed that the residual of the extended
Kalman filter obeys the Gaussian distribution. For a
single-input single-output system, the residual ri(k)

represents the relative position between the estimated
measurement data H( Xi(k, k − 1)) calculated by the ith
extended Kalman filter and the true measurement value
Zk, which is shown in Figure 5. Figure 6 shows the dif-
ferent shapes of Gaussian functions with several standard
deviations.

.e FDD system in this paper is a multi-input multi-
output system. So, the conditional probability
p(Z � Zk |(δi, Z

→
k−1)) can be calculated by a Gaussian

probability density function with a bell-shaped curve [25],
whose expression is as follows:

p Z � Zk δi, Z
→

k−1 

  � f ri δi, Z
→

k−1 

 

� λi(k)e
− ri(k)T 

− 1
i

(k)ri(k)/2
,

(25)

where λi(k) � 1/((2π)m/2|Σi(k)|)1/2, and m is the dimension
of the measurement vector. Σi(k) is the covariance matrix
value of the ith extended Kalman filter residual and the shape
of the Gaussian probability density function is determined
by the covariance matrix Σi(k). ri(k) is the residual of the ith
extended Kalman filter, which can be calculated by the
following equation:

ri(k) � Zi(k) − H Xi(k, k − 1) . (26)

.erefore, when an actuator fault occurs, its corre-
sponding extended Kalman filter will produce an estimation
measurement vector Zi(k) � H( Xi(k, k − 1)), which is very
close to the real measurement vector Zi(k), and the residual
ri(k) is close to zero. .is means that the extended Kalman
filter matches this fault best, and the corresponding prob-
ability is maximum.

So, after calculating the conditional probability
p(Z � Zk |(δi,Zk−1)), it can be implied that whether every
actuator is fault free or not by checking the fault probability
pδi

(k) of each actuator at any time.
In addition, the method also can effectively estimate the

state vector of the system with the state vector of each filter
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and its corresponding probability even when an actuator is
failure.

X(k) �  Xi(k) · pi(k). (27)

4. Simulation and Result Analysis

4.1. Simulation Conditions. For the purpose of verifying the
effectiveness of the FDD method, simulations of the tilt-
rotor UAV in the extreme state with the minimum system
excitation are carried out with the FDDmethod discussed in
Section 3. For example, in the case of no wind and no
maneuver, the tilt-rotor UAV flies in a straight line with
constant velocity and altitude. At the same time, setting the
actuator fault and locking the actuator near the trim angle,
the actuator fault is more difficult to detect currently.

In order to obtain the real simulation results, the zero-
mean white Gaussian noise is used to degrade the mea-
surement data of the sensor to correspond to the typical
characteristics of the low-cost sensor, where the standard
deviations of the angular rate sensors are selected as
σp,q,r � 0.052rad/s, and the corresponding noise variances
are selected as p � q � r � 0.0027 × I3rad

2/s2.
.e structure of tilt-rotor UAV is shown in Figure 1.

According to the structure, the actuator FDDmethod should
be composed of three extended Kalman filters, including a
no-fault extended Kalman filter and two extended Kalman
filters corresponding to left and right aileron faults, re-
spectively. Using the six degrees of freedom model of the
aircraft, the simulations are carried out in the MATLAB
environment.

.e tilt-rotor UAV is set to fly in a horizontal straight
line at a constant speed of 20m/s. During the flight, the left
and right ailerons are used to provide the pitch and roll
control moment of the tilt-rotor UAV. .e actuator fault
conditions are set as Figure 7 shows. During flight time
t � 0 ∼ 300 s, the following faults occur:

(1) t � 60 ∼ 100 s, the left aileron actuator is stuck near
the zero position

(2) t � 200 ∼ 240 s, the right aileron actuator is stuck
near the zero position

For the rest of the time, the tilt-rotor UAV flies normally
without any fault. Each actuator is assumed to have five
possible fault states. Based on the 6-DOF model of the tilt-
rotor UAV, the proposed FDD method and the MMAE
method are used to carry out fault diagnosis simulations
separately.

4.2. SimulationResultsAnalysis. Figure 8 shows the results of
actuator fault detection and diagnosis method for a series of
fault conditions set above. .e top figure marked with no-
fault probability indicates that when the actuator fault

f (ri | (δi, Zk–1))

p (Z = Zk | (δi, Zk–1))

ri

ri (k) = Z (k) – Z (k)ˆ
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Figure 5: Conditional probability density in SISO problem.
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Figure 6: Gaussian functions with different standard deviations.
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detection and diagnosis method does not detect any actuator
fault of the tilt-rotor UAV, the no-fault probability is 1. .e
middle and the bottom figures indicate the fault probability of
the right aileron and the left aileron, respectively. If the fault
probability of an actuator is greater than 90% in a certain
period, it means that the actuator has a kind of fault. If the
fault probability of an actuator is less than 5%, it means that
the fault of actuator has been eliminated. It can be seen from
Figure 8 that when the left aileron actuator is stuck near the
zero position, the fault probability of the right aileron in-
creases close to 1 according to the actual fault condition. At
the same time, the no-fault probability of the tilt-rotor UAV is
reduced near to 0. After t� 100 s, the right aileron is cleared
and the actuator works normally. At this time, the no-fault
probability returns close to 1, and the right aileron fault
probability decreases to 0, which means that the tilt-rotor
UAV works normally, and no fault is detected in it. In ad-
dition, by comparing the results of the proposed FDDmethod
and the MMAE method, it can be concluded that both the

MMAE method and the proposed FDD method can detect
the fault when the left and right ailerons fail, respectively.
However, using the MMAE method, the fault detection and
diagnosis algorithm generally takes longer to detect or to
remove the actuator fault, since the MMAE method uses a
total of 5 × 2 + 1 � 11 Kalman filters (the additional filter
corresponds to the no-fault condition) in the fault diagnosis
algorithm, while the proposed FDDmethod only uses 2 + 1 �

3 Kalman filters (additional filter corresponding to the no-
fault condition)..e computational complexity of theMMAE
method is greater than that of the FDD method. As a result,
the timeliness of the fault diagnosis algorithm with MMAE
method is reduced. Furthermore, Figure 9 shows the de-
flection estimation performance of actuator. As shown in
Figure 9, the deflection of the actuator can be estimated and
will be different from that of other times in case of the actuator
failure. .erefore, the actuator failure can be detected by the
no-fault probability. When the no-fault probability decreases
close to 0, it indicates that an actuator has a fault, and then the

5

2.5

0

Le
ft 

ai
le

ro
n 

(°
)

–2.5

–5

Time (s)

0 50 100 150 200 250 300

5

2.5

0

Ri
gh

t a
ile

ro
n 

(°
)

–2.5

–5
0 50 100 150 200 250 300

Figure 7: .e fault conditions of the left and right ailerons.

1

0.5

0
0 50 100 150 200 250 300

FDD

0 50 100 150 200 250 300

N
o-

fa
ul

t
pr

ob
ab

ili
ty

Ri
gh

t a
ile

ro
n

fa
ul

t p
ro

ba
bi

lit
y

Le
ft 

ai
le

ro
n

fa
ul

t p
ro

ba
bi

lit
y

Time (s)
0 50 100 150 200 250 300

1

0.5

0

1

0.5

0

MMAE

Figure 8: .e probability results of actuator fault detection and diagnosis.

Mathematical Problems in Engineering 9



Le
ft 

ai
le

ro
n 

(°
)

Ri
gh

t a
ile

ro
n 

(°
)

True actuator deflection
Actuator deflection estimate

Time (s)

50 100 150 200 250 300

50 100 150 200 250 300

5

2.5

0

–2.5

–5

5

2.5

0

–2.5

–5

Figure 9: .e comparisons of true actuator deflections and estimations.

Noisy measurement p
FDD filter output

Time (s)

p 
(°

/s
)

0 50 100 150 200 250 300

2

1.5

1

0.5

0

–0.5

–1

–1.5

Figure 10: .e comparison of measurement p and state variable.

Noisy measurement p
FDD filter output

Time (s)

q 
(°

/s
)

0 50 100 150 200 250 300

3

2

1

0

–1

–2

Figure 11: .e comparison of measurement q and state variable.

10 Mathematical Problems in Engineering



faulty actuator will be detected by judging the fault proba-
bilities of two aileron actuators.

Figures 10–12 show the comparisons between the
measurements and the state variables estimated by the FDD
method. .e blue line is the noisy measurement data, and
the red line is the estimated state variables. As shown in the
figures, the FDDmethod also can correctly estimate the state
vector even when an actuator is failure.

5. Conclusions

.e actuator is the implementation of the UAV control
system, and it is also an important component part of UAV
flight controller. .e flight controller needs to control ac-
tuators to make the UAV perform various maneuvers and to
avoid potential accidents. .erefore, it is very important for
tilt-rotor UAVs that the actuator can work stably and reliably.
.is paper has presented a FDD method for detecting ac-
tuator fault of the tilt-rotor UAV..e proposed FDDmethod
is based on the EKF observer, which can be used to estimate
the state variables of nonlinear system and to calculate the
residual sequences caused by different actuator faults. .en,
an actuator fault diagnosis algorithm uses the residuals from
each EKF to assign a conditional probability to each fault
hypothesis and the complex relationship between actuator
faults and observation residuals can be described. Several
simulations with the FDD method and the MMAE method
have been implemented on a 6-DOF model of the tilt-rotor
UAV. .e results show that the FDD method can detect the
actuator faults successfully with high levels of accuracy and
efficiency without any additional sensors to measure actuator
deflections or to change the flight control system.
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