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Abstract— The paper aims to propose a new prognostic
procedure centered on the characterization of the state of
health of an electrohydraulic servomechanism typically used in
aircraft primary flight controls. This approach is based on the
innovative use of a model based fault detection and
identification method (FDI) that applies artificial neural
network in order to identify the actual state of wear of the
actuator. The considered case study concerns an electrohydraulic actuator with a flapper-nozzle servo-valve whose
progressive faults taken into consideration are: the clogging of
the first stage of the flapper-nozzle valve, and the progressive
gain loss of the torque motor. By means of the extraction of
data from the system responses, under different extent of
damage, multiple neural networks have been trained. Such
networks have been integrated to create the prognostic method
that has finally been tested under different conditions.
Keywords - prognostics; electrohydraulicactuator; servo-valve;
artificial neural network; model-based; fault detection algorithm

I.

INTRODUCTION

The ever green solution of the electrohydraulic actuator
(EHA) applications for the actuation of modern primary
flight commands, justified by the superiority of hydraulic
systems in providing more efficient solutions for power
supplying in a controlled manner [1-2], brings us to focus on
the need of efficient and reliable EHA.
As regards the second aspect, reliability of modern
systems is even more based on the proper support of
diagnostics and prognostics [3]. Right now, in fact, the last
two are the most robust instruments which mitigate life cycle
costs without losing reliability and guarantee, in compliance
with regulations, the bases for health management of
integrated components, subsystems and systems [4].
The principal aim of an onboard primary flight controls
servo-actuator is to convert the different power sources
available, depending on the general concept of design
(mechanical, electrical, hydraulic or pneumatic source), into
a controlled motion of specific parts of the aircraft in order to
meet operative requirements. The most common and
intuitive application of servo-actuators is the controlled
movement of mobile surfaces of the aircraft for the actuation
of the aircraft flight mechanics.

The last application is an example of high level of risk
associated to the functions of a servo-actuator, and suggests
how the reliability must be keep in care when airworthiness
and safety are involved by regulations. Right now, the
unquestionable solution to guarantee an adequate level of
reliability was delivered both with a proper design and with
the scheduling of a rigorous program of maintenance that
should guarantee that an actuation system continues to
operate safely. The scheduling of costly maintenance is not
related to the effective conditions of wear of the actuator, but
just to the expectations of degradation related to the system
lifetime previsions. On the other hand, extreme and
unexpected operative scenarios may lead to damage and
unscheduled maintenance. Therefore, this type of approach
in some cases could lead to unacceptable risk to use
damaged system, or the increasing of the cost to maintain
operative systems that in a good state. An alternative strategy
to perform an efficient maintaining procedure could consist
in monitoring the functional parameters of the system and to
determine its state of health by observing and studying the
deviation of its response from the nominal one, and, in
general, to get evidence of an anomalous behavior.
The prediction of this kind of failures should be
guaranteed, once more, at a high level of reliability. The
practice of monitoring and analyzing the system response,
through electrical signal acquisition, evaluating the fault is
the goal of the Prognosis and Health Management (PHM), as
reported by Byington, Watson, Edwards, & Stoelting [5]. In
general, prognostics purpose is to perform an early fault
detection and identification (FDI) and, then, to provide realtime data on the current status of the system and to calculate
the Remaining Useful Life (RUL) before a fault occurs or a
component becomes unable to perform its functions at a
given level [3]. In the aerospace disciplines, prognostic
strategies are often applied to onboard equipment (that are
typically non-linear mechatronic systems) and, through the
monitoring of some functional parameters of the component
involved, they have to predict progressive failures at an early
stage and to determine the source of irregular behaviors.
Therefore, literature proposes a wide range of fault
detection and identification (FDI) strategies [6]; among
these, it is possible to mention model-based techniques based
upon the direct comparison between real system and related

monitoring model [7-10], on the spectral analysis of welldefined system behaviors performed by Fast Fourier
Transform FFT [11-12], on appropriate combinations of
these methods [13] or on Artificial Neural Networks [14-15].
It must be noted that concepts and results reported in this
paper are related to the design of a reliable and fast FDI
routines focused on the diagnosis model-based approach and,
in particular, on the parametric estimation task.
II.

AIM OF THE WORK

The aim of this paper is to present an innovative way to
perform the diagnosis of an EHA equipped with flappernozzle servo-valve (SV). In particular, the procedure is able
to identify a plausible damage condition, consisting in two
dimensionless parameters corresponding to the extent of the
fault modes cross-checked with one out of four level of
damage. With a high confidence level, these results represent
the real state of damage of the entire system.
As anticipated before, this prognostic method relies on
multiple artificial neural networks (ANNs) each one trained
with a series of coupled vectors of input and target. Each
ANN is specialized in a particular recognition task.
III.

EHA REFERENCE MODEL

The considered actuation system (Fig. 1) is a typical
electrohydraulic position servomechanism (SM) widely used
both in primary and secondary aircraft flight controls.
According to [16], the considered EHA consists of three
main subsystems:
 Controller subsystem: the control electronics may be
a computer, microprocessor or guidance system and
creates a command input signal; the servo-amplifier
(SA) provides a low power electrical actuating signal
which is the difference between the command input
signal and the feedback signal generated by the
feedback transducer. The SA usually implements an
embedded PID control logic (proportional-integralderivative); it must be noted that, in several
applications, it is possible to implement more
simplified control logics. The present work is
referred to simple proportional control logic.
 Electrohydraulic two stage servo-valve (SV):
responds to the SA low power electrical signal and
controls the high pressure hydraulic fluid [9].
 Hydraulic piston (symmetrical double acting linear
cylinder subject to Coulomb friction): actuates the
flight control surface closing the position feedback
loop by means of a network of position transducers.
Wider descriptions of the servomechanism employed in
this work and of its mathematical model are shown by
Maggiore et al. in [11]. The aforesaid servomechanism
belongs to the fly-by-wire paradigm: the pilot’s command
depends upon transducers that express the pilot orders by an
electric or a digital reference signal.

Figure 1. Schematic of the considered EHA layout.

This signal is continuously compared via a feedback loop
with the actual position of the control surface generating the
instantaneous position error as an input to the control law.
Thus, the error is processed and transformed into an electric
current operating the electrohydraulic servo-valve. This SV
drives an actuator that continuously moves the control
surface pursuing the reduction of the error between pilot’s
commanded position and flight surface actual position.
The servo-valve is a high performance two-stage valve
(Fig. 2); its second stage is a closed center, four-way, sliding
spool, while the pilot stage is a symmetrical double nozzle
and flapper, driven by a torque motor. Since its natural
frequency is supposed to be orders of magnitude higher than
the desired closed loop bandwidth of the whole SM, only its
orifices resistive effects were taken into account.
In the present paper, the hydraulic linear actuator is a
double acting symmetrical type. It has been modelled
considering inertia, viscous friction, dry friction (according
to [17-18]) and leakage effects through the piston seals
developing a not working flow. It is also able to take in
account the effects due to its interactions with the
mechanical ends of travel as well as the aerodynamic loads
acting on the flight surface (as proposed in [19]).
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Figure 2. Schematic of the flapper-nozzle servo-valve.

Figure 3. Simulink block diagram of the considered EHA.

In order to develop the abovementioned research, a
typical aircraft primary command EHA has been modelled
(according to considerations previously reported and widely
explained in [11, 20]) and subsequently, implemented in
MATLAB Simulink® simulation framework (see Fig. 3); in
particular, this numerical model takes into account several
details that contribute to the deterioration of the actuation
chain, like, in particular, the effect of the clogging of the first
stage filter of the servo-valve and the rising progressive loss
gain on the torque motor. In addition, it is also able to
simulate the effect of disturbing noises provoked by external
electro-magnetic sources that interfere with the command
input signal from the control module to the valve. According
to Fig. 3, the proposed EHA Simulink model is made up of
several parts:
 The Input block, used to define the time history of
the input (reference position in close-loop test and
command to valve in open-loop test).
 The PID block, simulating the behavior of the
servomechanism controller.
 The Torque Motor model calculates the mechanical
torque acting on the SV first stage.
 The third order dynamic model that reproduces the
dynamic response of the flapper-nozzle valve.
 The fluid-dynamic SV block, which for a given
spool position and flow rate returns the amount of
differential pressure to the chambers of the actuator,
using the linearized theory [21].
 The second order block simulating the dynamic
response of the linear actuator.
The main aim of the proposed model is to simulate the
dynamic response of the EHA for different health conditions
(i.e. various combinations of SV first stage filter clogging
and torque motor gain loss). Since both progressive failures
are relative to the SV, authors developed a new detailed
numerical model (according to [7, 11]) able to simulate its
dynamic response taking into account the effects of the said
failures. Its dynamic fluid model (which calculates the
delivery differential pressure regulated by the SV as a
function of the spool position and the oil flow disposed of
through the valve) has been conceived according to
numerical models proposed in [22] and validated by
comparing its responses with experimental, analytical and
numerical results found in literature [23-27].

The EHA model has been used to simulate the dynamic
behavior of the real system in nominal conditions or under
several failures level, performing several sets of simulations
and, then, developing the following fault modes analysis.
IV.

EHA FAILURES AND DEGRADATIONS

Up to now, the degradation of the actuator’s performance
has been studied by taking into consideration two of the
principle fail modes that influence the response of an
actuation system. Both cases have been analyzed for a
simple 0.01 [m] step command input for the jack position.
The first one regards the filter clogging of the servovalve first stage. Consequently to the filter clogging, both the
first stage pressure and flow rate gains decrease, entailing
that the spool results slower in reaching the commanded
position; the settling time rises because the maximum
differential pressure, available downstream the filter, is
reduced. The second fault mode analyzed is the torque motor
gain loss. When this phenomenon manifests itself the system
responses became slower; in fact, both the jack velocity and
the spool position saturation values decrease. The motor is
not able to provide a sufficient torque, thus the SV openings
are not well controlled. As consequence the differential
pressure on the spool is less effective, the dynamic response
is more damped, and the overshoot values are lower.

Figure 4. EHA step position response in case of
increasing SV first stage filter clogging.

Figure 5. EHA step position response in case of
progressive torque motor gain loss.

Figure 6. Schematic of the main features
related to the linear actuator position.

Referring to Fig. 4 and 5, representing the development
of the jack position for increasing values of damage, it
should be noted that the two fault modes affect the system
response in opposed ways: in case of progressive filter
clogging (Fig. 4), the stability margin of the system
decreases, while the overshoot rises whereas, in the other
case (Fig. 5), the response is always more damped.
V.

FEATURES EXTRACTION

On the base of the abovementioned responses analysis,
some of the features indicative of system wearing were
chosen for the data extraction. They regard the evolution of
the jack and the spool position.
For what concerns the jack position, the features are:
 Delay time;
 Rise time;
 Settling time;
 Peak overshoot;
 Time to peak amplitude;
As regards the SV second stage spool position (show, for
instance, in Fig. 5), two more features were extracted:
 Maximum spool position in saturation;
 Maximum spool actuation speed;
Figures 7 and 8 put in evidence the evolution of these
characteristics. In the case of filter clogging (Kclogging) the
position reached in saturation by the spool remains constant
while its speed decreases as the clogging rises (Fig. 7). On
the contrary, for the torque motor gain (KGM) loss the spool
speed remains the same while the saturation position
decreases (Fig. 8). All these features have been extracted
from several simulations and normalized with respect to the
correspondent nominal values. The graphs reported in the
Fig. 9 and 10 show the normalized features trend with the
increasing of the fault percentage. It should be noted that,
within a defined failure range (compatible with typical
prognostic values), all of them are monotonic: this is an
essential characteristic for the correct classification of the
input by the Artificial Neural Networks (ANNs).

Figure 7. Schematic of the Kclogging features
related to the SV second stage spool.

Figure 8. Schematic of the KGM features
related to the SV second stage spool.

It has been observed that a single layer is often sufficient
and that the number of inner neurons has to be set around
20% more than the number of inputs. The chosen training
function is the one that updates the weights and bias vector
according to Levenberg-Marquardt's optimization [28-29].
It turns out to be the fastest algorithm although it requires
more memory than others. Another function that must be
defined is the transfer function which is the one that
elaborates the data between the neuron's layers. Among the
various possibilities, the hyperbolic tangent function has
been chosen because it is the one that provided the best
results.
VII. ANN PROGNOSTIC SYSTEM INTEGRATION

Figure 9. Schematic of the Kclogging normalized features trend
with the increasing of the fault percentage.

Figure 10. Schematic of the KGM normalized features trend
with the increasing of the fault percentage.

VI.

ARTIFICIAL NEURAL NETWORKS IMPLEMENTATION

The implementation of neural networks consists of two
parts: the learning and identification phase. In the first one,
the network is trained by a sample of processed data. In the
second phase instead, which is the normal network operating
process, the neural network is used to process the input data
in accordance with the configuration obtained during the
training phase. From a practical point of view, for the
training of a neural network, it is necessary to create several
training input vectors that correspond to as many target
vectors. Each input vector is representative of the conditions
in which the model is operating since each row has the
associated normalized value of the features extracted from a
single simulation. The target vector will have as many lines
as the classes within which the network will need to identify
the health conditions of the model. Before the learning phase
takes place it is necessary to define the number of hidden
layers that the neural network will have as also the number
of neurons in each layer, the training function and the
learning function.

Seven neural networks were trained and integrated into a
single system represented by the scheme shown in Fig. 9.
The proposed FDI prognostic algorithm is composed of
two main subsystems, which can provide two different types
of classifications: the one leading to the NN1 neural network
is able to calculate the level of damage by classification,
whereas the other (leading to the NN7 neural network)
directly evaluates the magnitude of the progressive faults.
Starting from the first branch of the proposed FDI
algorithm (Fig. 11), the NN1 artificial neural network can
distinguish whether the model is affected by one or two
faults simultaneously. In the first case, it directs the input
vector to the NN2 that will identify the failure and, then, the
NN3 or NN4 neural networks, depending on the NN2 results,
will determine the level of damage.
If the NN1 network recognizes a case of combined
failure then the input vector is directed to the NN5 and NN6
networks that will assign the damage levels for each failure.
The FDI algorithm is able to identify four failure levels:
 Level 0: which is a non-critical situation since the
damage percentage is estimated between zero and
5%;
 Level 1: a level of low damage, its percentage is
estimated between 5% and 10%
 Level 2: an intermediate level, the percentage is
estimated between 10% and 15%;
 Level 3: high level of damage, the fault exceeds 15%
of its maximum value;
In any case, the input vector is also supplied to the NN7
network that is able to process both the fail conditions and to
provide directly an esteem of these progressive faults.
Its results can be cross-checked with those provided by the
other networks, in order to get a double check, and in so
doing, a more detailed and robust information about the
system health. The general structure of the neural networks
that provide a simple classification of the damage level (i.e.
NN1 - NN6) is shown in Fig. 12. All of them have a single
hidden layer, differing one from the other only for the
number of neurons. The structure of neural networks that
directly estimates the magnitude of the said failures by
providing a percentage of the damage is a little more
complex (Fig. 13). Comparing it with Fig. 12 it can be
noticed one more hidden layer and a supplementary direct
feed-forward link among the inner and the outer layer.

Figure 11. Proposed FDI prognostic algorithm.

Figure 12. General structure of the ANNs estimating the damage level.

Figure 13. General structure of the enhanced ANN able to perform
a direct FDI analysis estimating the damages magnitude.

VIII. FDI TESTING
In order to verify the robustness of the proposed FDI
prognostic algorithm, a series of tests were implemented.
The first of these regards the single faults, the second treats
combined faults and the third considers both cases studies
when the model is also affected by a certain amount of noise.
TABLE I.

The values of the progressive faults used to test the
behavior of the proposed FDI algorithm have been arbitrarily
chosen so as to cover all possible fault conditions (both
single and combined ones) related to the prognostic
application field (i.e. the range within which the prognostic
algorithm must be able to correctly detect and evaluate the
aforesaid failures). Tables I and II show the results obtained
in case of single and combined faults. The first two columns
represent the percentage of damage actually used for the
testing simulations, the following two columns reports the
corresponding fault levels detected by the NN1-NN6 neural
networks, and the last two columns show the damages
estimation performed by the NN7 neural network. As can be
seen from the results shown in Table I and II, the proposed
algorithm is capable of correctly identifying the various fault
conditions by providing a satisfactory level of accuracy in
estimation. In order to evaluate its robustness, the proposed
FDI algorithm has been tested in condition of electrical noise
affecting the feedback signal lines: these tests have been
performed with the same percentage of fault level previously
used but the signals provided by the jack and spool position
sensors have been disturbed by adding to the above signals a
white electrical noise. The results of these tests are shown in
Table III. It should be noted that results highlighted with red
are those with an absolute error exceeding 1%. The NN7
neural network in this case appears to be affected by noise
level to the extent that all the given values deviates to the
actual ones. In most cases, however, the absolute error with
respect to the real fault values does not exceed 0.05%. The
only two cases that deviate significantly from this trend are
those highlighted in red. In the first case, the network
classifies a gain loss of about 4,428% instead of the 2% real,
whereas in the second case, the variation is even more
pronounced: the network classifies a gain loss of about
5,005% against a 2% real. However, it is important to note
that NN5 and NN6, even under these conditions, carry out
their task without errors; in fact, even in the worst case, the
gain loss identified by NN7 network is such as that it could
be classified as a fault level 1, but NN5 and NN6 returns the
correct result classifying it as a level 0. However, the
miscalculations made by the NN7 neural network in case of
noise are not sufficient to compromise the operation of the
prognostic method, especially considering the improbable
high level of noise under which it was tested.

FDI RESULTS IN CASE OF SINGLE FAULT CONDITIONS
Fault extent level

Fault extent value

Filter Clogging %

Gain Loss extent

Filter Clogging

Gain Loss

Filter Clogging

Gain Loss

4%

0%

No allarm

‐

3,998%

0%

7%

0%

Level 1

‐

7%

0%

12%

0%

Level 2

‐

11,999%

0%

17%

0%

Level 3

‐

17,000%

0%

0%

2%

‐

No allarm

0%

2,054%

0%

7%

‐

Level 1

0%

6,987%

0%

14%

‐

Level 2

0%

14,005%

0%

21%

‐

Level 3

0%

20,995%

TABLE II.

FDI RESULTS IN CASE OF COMBINED FAULT CONDITIONS
Fault extent level

Gain Loss extent

Filter Clogging

Gain Loss

Filter Clogging

4%

2%

No allarm

No allarm

4%

2%

4%

7%

No allarm

Level 1

4%

6,998%

4%

14%

No allarm

Level 2

3,996%

14%

4%

21%

No allarm

Level 3

3,998%

21%

7%

2%

Level 1

No allarm

7%

2%

7%

7%

Level 1

Level 1

6,998%

7%

7%

14%

Level 1

Level 2

7%

14%

7%

21%

Level 1

Level 3

7%

21%

12%

2%

Level 2

No allarm

11,998%

2,01%

Gain Loss

12%

7%

Level 2

Level 1

12%

6,999%

12%

14%

Level 2

Level 2

12%

13,995%

12%

21%

Level 2

Level 3

11,999%

21%

17%

2%

Level 3

No allarm

16,997%

2%

17%

7%

Level 3

Level 1

17%

6,999%

17%

14%

Level 3

Level 2

16,999%

13,99%

17%

21%

Level 3

Level 3

16,999%

21%

TABLE III.

FDI RESULTS IN CASE OF COMBINED FAULT CONDITIONS AND ELECTRICAL NOISE
Fault extent level

IX.

Fault extent value

Filter Clogging %

Fault extent value

Filter Clogging %

Gain Loss extent

Filter Clogging

Gain Loss

Filter Clogging

Gain Loss

4%

2%

Livello 0

Livello 0

3,99%

2,666%

4%

7%

Livello 0

Level 1

3,781%

8,098%

4%

14%

Livello 0

Level 2

3,963%

14%

4%

21%

Livello 0

Level 3

3,874%

20,933%

7%

2%

Level 1

Livello 0

6,976%

3,193%

7%

7%

Level 1

Level 1

6,772%

8,016%

7%

14%

Level 1

Level 2

6,975%

14,086%

7%

21%

Level 1

Level 3

6,844%

20,928%

12%

2%

Level 2

Livello 0

0,11891

4,482%

12%

7%

Level 2

Level 1

11,801%

7,812%

12%

14%

Level 2

Level 2

11,987%

14,105%

12%

21%

Level 2

Level 3

11,788%

20,915%

17%

0,02

Level 3

Livello 0

0,16809

5,004%

17%

7%

Level 3

Level 1

16,825%

7,629%

17%

14%

Level 3

Level 2

16,980%

14,17%

17%

21%

Level 3

Level 3

16,757%

20,912%

CONCLUSIONS AND FUTURE PERSPECTIVES

In conclusion, it can be stated that the proposed
prognostic approach is able to provide a reliable and
sufficiently accurate estimate of the analyzed damage and
that the redundancy of classifications gives the system some
degree of robustness. Additionally, once integrated, the
system was able to process incoming information in less than
a second which makes this method convenient compared to
other approaches used in the prognostic field such as genetic
algorithms that generally require much larger processing
time, often tens of minutes.

Given the encouraging results obtained, it would be
advisable to further test the robustness of this algorithm in
presence of other types of electrical disturbance or taking
into account any disturbances due to signal digitalization (i.e.
disturbances and loss of data accuracy resulting from the
ADC). Finally, it is possible to generalize the network
system by extracting other significant inputs from model
responses (fault precursors) and implementing other
networks capable of classifying additional failures.
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