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Abstract :

The occurrence of faults during the flight of unmanned air vehicle UAV is a very
critical situation that affects the completion of the mission. It was found that these faults
are mainly due to failure in the sender (sensor), it was also found that the rate of failure
is high in electrical energy Sensors (ac, dc and battery). This research presents an
effective technique to ensure that the electrical power system (.ac, dc, battery) or the
sensors are faulting free. This technique using two different approaches. The first
approach is Radial Basis Function RBF-NN trained with the Extended Minimal
Resource Allocation Network - EMRAN algorithms. The second approach, which is
presented in this Paper, is based on Knowledge based Neural Network NN based tool
SFDIA (Sensor Failure, Detection, Identification and Accommodation problem). Neural
Network ANN based tool SFDIA Sensor Failure, Detection, Identification and
Accommodation problem, are used to provide analytical redundancy from which
residuals are generated, enabling the detection of failures on sensor signals. Upon
detection of failure, the faulty signal is replaced by the neural network based estimate.
This technique allows the flight to continue within specified performance limitations.
The results achieved from the modeling process showed that the neural network based
tool SFDIA is able to show high-resolution results in the behavior of electrical energy
Sensors (ac, dc and battery).

Keywords: Unmanned aircraft vehicle UAV, Sensor fault detection SFD,Fault diagnosis,
and Aircraft modeling and simulation.
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List of Acronyms

UAV Unmanned Air Vehicle

SFD Sensor fault detection

SFDIA Sensor Failure Detection ldentification and Accommodation
NN Artificial Neural Networks

EMRAN Extended Minimal Resource Allocation Network

RBF Radial Basis Function

1. Introduction :

Unmanned air vehicle UAV are complex technical systems. They are out of reach by
the pilot. But the name of this aircraft does not fully demonstrate the way in which they are
operated. They are in fact not fully self piloted, but also need a pilot sitting at the steering
station on the ground, to remotely control it by a wireless manner. The control Process of the
UAYV is through signals transmitted by sensors. In this respect comes the importance of
increasing the efficiency of sensors. Which transmit signals back to ground stations [1]
.Sensor fault in UAV is detected by using two different approaches. The first approach is
Radial Basis Function RBF- NN trained with the Extended Minimal Resource Allocation
Network- EMRAN algorithms.[2-.3] The second approach, which is presented in this Paper, is
based on Knowledge based Neural Network NN based tool SFDIA (Sensor Failure,
Detection, Identification and Accommodation problem) [4-5]. The tool is based on a SFDIA
scheme in which learning NN are used as on-line non-linear approximates of the analytically
redundant portion of the system dynamics [6]. This can provide validation capability to
measurement devices, allowing sensors failures to be detected, identified and accommodated.
Research on fault tolerance based on analytical redundancy has produced a quite mature
framework especially for linear systems [7]. But unfortunately, the assumption of linearity is
not often valid throughout the whole flight envelope of the aircraft. Thus the performance of a
fault tolerance scheme based on such assumption can become inadequate, for example
providing a high false alarm rate in a wide portion of the flight envelope. Chow and Willsky
(1984) first defined model-based FDI to consist of two main stages; residual generation and
residual evaluation [8]. Patton et al.(1989) also outlined the criteria for selecting a suitable
FDI approach, two of which were low false alarm rates and fewer missed faults [9]. In this
work, SFDIA software has been designed in the Simulink environment. The tool allows
evaluating either the open loop or the closed loop performance of the SFDIA scheme that
employs different kinds of NN approximators and learning algorithms [10]. The NN structure
chosen is based on the Extended-Minimum Resource Allocating Network (EMRAN) Radial
Basis Function (RBF), due to its good generalization ability and fast performance [11]
Comparisons of a conventional residual generator approach and our novel approach are
carried out under different levels of sensor noise and fault classes in order to test their
robustness and sensitivity respectively
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2. Analytical redundancy-Based SFDIA :

Analytical redundancy implies that some of the system variables are functionally
related namely a variable y (k)can be expressed as function of a suitable set of other variables
z (k)and input commands u (k) [12]. Figurel shows a flowchart of the SFDIA scheme.

u(K)
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Figure (1): SFDIA Scheme [12]

Ve (K) = FIZEK) s UCK)] oo oo 1)

Where: u (k) - inputs commands.

ys (k) -estimation signal provided by estimator (ANN)

z (k) - function of a suitable set of other variables

The residual signal r(k)is the difference between the sensor output y(k)and its estimation y;(k)
provided by a proper estimator (in this work the estimator is a NNs).[13].

F(K) ZY (K) VoK) oo )

Where: y (k) —sensor output
ys(K) — estimation signal provided by estimator (ANN)
r (k) — residual signal

When the square of this (filtered) residual exceeds predefined threshold, the state of the

corresponding sensor is declared suspect and a suitable procedure is called to decide on the
health status of this sensor figure 2 shows a flowchart of the predefined threshold.
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Figure (2): Predefined Threshed [12]

If the state of the sensor is then declared faulty, a procedure is enabled, and an accommodated
variable y,(k)is provided as output. In this work the accommodation procedure simply
substitutes the faulty measure with the Estimation given by the ANN. Figure 3 Shows the
accommodation with the estimation given by the ANN.

Valk)ZE(K) oo (3)

In the caseof multiple physical redundancy the accommodation
Usually consists on the simple repiacement of the faulty sensor by
ahealthy one

= ys(k)

va(k) =r(k)

IF no physical redundancy is available the accommodation
procedures substitutes the faulty measure with the estimation
given byANN

Figure (3):The accommodation with the estimation given by the ANN

Accommodated variable y(k)

Several options can be added to this basic scheme to increase robustness in presence of noisy
measurements and/or intermittent sensor failures [14].Thus, the accommodation procedure
substitutes the faulty measurement with the estimation given by the NN [15]. As for any
SFDIA approach, the following capabilities are critical:
o Failure detect ability and false alarm rate (the sooner the fault is detected and the least
the number of false alarm it is, the better is the SFDI system [16].
e Estimation error(The least is the estimation error; the better is the quality of the
accommodation) [17].
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3. The Simulation :

The Neural Network based SFDIA modeling and simulation toolbox was built under
the Math lab and simulink for Technical computing (by The Math worksinc) [18]. In
particular the freely available aircraft Sensor Failure, Detection, Identification and
Accommodation SFDIA toolbox for Mat lab provides powerful tools for aircraft power
system simulation, electrical fault analysis, and electrical fault control system design [19-20].
In figure 4 shows the graphical interface of the proposed aircraft SFDIA tool.

Unmanned Y1
Control = Aircraft

Unit Vehicle Y2
VAV Y3

AC. penerator p(k}

DC. generator qlk)

Failures
Battery r(k)
y= (K]
P(k),alk),r(k)
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Figure (4): Modeling and simulation the proposed aircraft SFDIA.

The main blocks of the scheme are the following:

e Unmanned air vehicle UAV electrical model.
The tool has been built around a generic nonlinear unmanned air vehicle UAV model,
which has a modular design that provides maximum flexibility to the user. The unmanned
air vehicle UAV model has been implemented as Simulink block-diagram (Ac-channel, Dc
channel, Battery channel).The model is adapted for many different kinds of airplanes as
required. [21-22].

e Control Augmentation System CAS.
The block is implemented with a Stochastic Optimal Feed forward and Feedback
controller[23].

e The substitute pilot control unit.
The block in this paper allows the generation electric energy sensors commands (Ac-
channel, Dc channel, Battery channel). [24]

e Hard and soft sensor failures.
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The block injects soft and hard sensor failures to the desired measured signals [25].

e (SFDIA)group.
It is the core of the tool that performs the main SFDIA procedures. It is constituted by two
main sub-blocks: [26]

Approximators.
The block contains the Neural Network based function estimators. In figure 5 is
showing (p(k) ac generator channel ,q(k) dc generator channel, and r(k) Battery
channel) [27-28].
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Figure (5): Estimators for AC-Generator channel p (k), Dc-Generator channel g (k), Battery.
—channel r (k)

SFDIA Logic:

The block performs the main threshold based sensor failure detection identification and
accommodation operations Figure 6 Two filtered residuals (derived by filtering the
absolute approximation error with both a “fast” low pass filters and a “slow” low pass
filter) are contemporary evaluated for each sensor. When the fast filter output is bigger
than a threshold, the corresponding NN learning is preventively stopped (LE=0), in
order to prevent the possibly wrong signal from being learnt. When the slow filter output
is bigger than a threshold, the corresponding sensor is declared failed (AE=0), so the
accommodation logic is enabled, and the estimated signal is fed back through the
controller instead of the faulty one.[29]
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Figure (6): SFDIA Logic
4. Results :

In order to apply this technique (artificial neural networks based SFDIA to
improvement electrical sources performance of unmanned airborne vehicles in this research

were taken three cases which follows:

4.1 The voltage sensor ac generator :

Figure 7 shows a typical time of Y, (sensor ac generator ) and its estimation, during
the occurrence of a simulated failure on it at (tr =168sec) using the EMRAN algorithm, which
is a set of conditions decide how the RBF-NN structure should be adapted to better suit the
training data.[30-31]. The results show that EMRAN-algorithm is well suited for fast on-line

identification of nonlinear plants
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Figure (7): Sensor ac gen. (accommodated nominal, accommodated estimated, failed) at t;=168sec.

4.2 The voltage sensor dc generator :
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Figure 8 shows a typical time of Y,.(sensor dc generator) and its estimation, during the
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occurrence of a simulated failure on it at (t; =168sec) using the EMRAN- algorithm.
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Figure (8): Sensor dc gen. (accommodated nominal, accommodated estimated, failed) at t;=168sec

4.3 The voltage sensor Battery :

Figure 9 Shows a typical time of Y3 (sensor Battery) and its estimation, during the
occurrence of a simulated failure on it at (t=168sec) using the EMRAN-algorithm.
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Figure (10): Sensor Battery. (Accommodated nominal, accommodated estimated, failed) at t+=168 sec.

5. Conclusions :

In this paper unmanned air vehicle UAV, Neural Network NN based tool scheme
(SFDIA) for the Sensor Failure, Detection, Identification and Accommodation problem too
laws discussed. The scheme was implemented with neural architectures (RBF-EMRAN NN
algorithms). The use of NN for sensor estimation of a parameter of interest has been studied.
Observed by studying the results of applying the technique used in this research, the results of
the application showed high-resolution for the process of replacing the faulty sensor by using
the NN estimated value itself for further usage (as a feed back), close match between
estimation and actual sensor output has been established. In addition the capabilities of SFDI
Sachems exploiting different kinds of neural networks as nonlinear approximate. This
capability is a consequence of the extensive modularity of the whole simulation tool, and
allows an easy change of unmanned air vehicle UAV, dynamics and feedback control law as
well as NN estimators and SFDIA scheme.
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Future Work :

The NN estimation of this research can be applied to this research on other aircraft

systems such (Flight performance, Engine performance, Control surface situation, Aircraft
system status, Environmental data, Sounds, Air-to-ground communications) sensors outputs

can be used.
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