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Helicopter Rotor System Fault Detection
Using Physics-Based Model and Neural Networks
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A comprehensive physics-based model of the helicopter rotor in forward � ight is used to analyze the impact of
selected faultsonrotorsystem behavior. The rotormodel isbasedon� nite elements in spaceand time.Thehelicopter
rotor model is used to develop a neural network-based damage detection methodology. Simulated data from the
rotor system are contaminated with noise and used to train a feedforward neural network using backpropogation
learning. Cases considered for training and testing the neural network include both single and multiple faults on
the damaged blade. Results show that the neural network can detect and quantify both single and multiple faults
on the blade from noise-contaminated simulated vibration and blade response test data. For accurate estimation
of type and extent of damages, it is important to train the neural networks with noise-contaminated response data.

Nomenclature
CT = thrust coef� cient
d = damage level
e = error
eid = error in damage identi� cation
F = hub forces
Fx = longitudinalhub force
Fy = lateral hub force
Fz = vertical hub force
M = hub moments
Mx = rolling hub moment
My = pitching hub moment
Mz = yawing hub moment
m = number of damage types
N = number of spatial � nite elements, number of damage

levels for training data
Nb = number of blades
Ne = number of errors in damage detection
N = neural network mapping
P = input matrix for neural network
p = system response vector
R = rotor radius
T = kinetic energy, target matrix for neural network
U = strain energy
v = lag deformation of blade
W = virtual work
w = � ap deformation of blade
x = blade spanwise coordinate
® = angle of attack, noise level
1 = difference between damaged and undamaged quantity
± = variation
¹ = advance ratio
¾ = solidity ratio
Á = torsional deformation of blade, activation function
Ã = azimuth angle, time
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Ä = rotation speed
6 = change in phase angle

Subscripts

ic = i th cosine component
i s = i th sine component
n = noise contaminated quantity
test = related to test data
tr = related to training data
0 = zeroth harmonic, steady quantity

Introduction

H ELICOPTER rotors are subject to high vibratory forces be-
cause of highly � exible rotating blades and a severe aerody-

namic environment. This leads to wear in various components of
the rotor, requiring frequent inspection and replacement of damage
sensitive components leading to high-maintenance costs. In fact,
maintenance costs account for about one-quarter of the direct op-
erating costs of rotorcraft.1;2 Health and usage monitoring systems
(HUMS) can reduce this cost. The helicopter industry has recently
focusedon HUMS to providefault diagnosisfor drivetrain,engines,
oil system, and rotor system.3 ;4 Current track and balance systems
can detect rotor faults to a limited extent. For example, when track
and balance adjustments do not alleviate a high-vibration problem,
a faulty component may be indicated.To develop a health monitor-
ing system for a rotor, the relationship between blade damage and
helicopter system behavior is needed. Because it is dif� cult to ob-
tain � ight-test data for a damaged helicopter rotor, a physics-based
model offers the opportunity to study the simulated behavior of the
damaged helicopter. Numerical simulations of the damaged rotor
system response can be used by arti� cial-intelligence-based tech-
niques such as neural networks to learn the relationship between
rotor faults and system behavior. The trained neural network can
then be placed online on the helicopter to detect and identify dam-
age from rotor vibration and response data.

The fault detectionmethodologyapproach just discussedfocuses
on global faults. Global faults are those that can be detected using
remote measurementsof global system parameters such as fuselage
vibration and blade de� ection. The theoretical basis of global fault
detectionis that for an undamagedrotor all bladeswill have identical
response and only the N=revolution loads will be transmitted to the
hub by an N -bladed rotor. If, however, one blade is dissimilar to
the other blades due to a fault, then all harmonics of the rotor loads
are transmitted to the hub. In addition, the response of the damaged
blade will be different from the undamaged blades.
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Selected works on global fault simulation have been reported in
the literature.5– 7 Azzam and Andrew5 simulatedrotor system faults
for a � ve-bladed articulated rotor similar to the S-61 rotor using a
computer-based mathematic–dynamic model. Faults modeled in-
clude blade cracks, chordwise mass imbalance, and defective lag
damper. The present authors have applied a comprehensive aeroe-
lastic analysis based on � nite element in space and time to simulate
a damaged rotor.6 ;7 Numerical results were obtained in hover and
in forward � ight for an articulated four-bladed rotor similar to the
SH-60 rotor. Selected predictions of rotor component loads were
validated with � ight-test data.6 Faults modeled in Ref. 6 include
moisture absorption, loss of trim mass, damaged pitch-controlsys-
tem, defective lag damper, damaged trim tab, and misadjusted pitch
link. Faults modeled in Ref. 7 include aerodynamic mistracking,
blade crack, stiffness defect, manufacturing defect, and chordwise
mass imbalance. The in� uence of simulated rotor faults on blade
response and vibratory hub loads was analyzed and summarized in
the form of diagnosticcharts. It was concludedthat most rotor faults
can be detected by monitoring blade response and vibration. How-
ever, localized damage such as blade cracks are dif� cult to detect
from global system behavior.

The cited studies focused on calculationof rotor response due to
simulated rotor system faults. However, there is a need to use the
simulateddata to developa fault detectionmethodology.Addressing
this issue, the present authors developeda neural network-basedap-
proach for rotor system fault detection.8 Two neural networks were
used, the � rst network to classify the type of fault and the second
networkto characterizethe levelof damage.The neuralnetworksare
trained from a numerically generated rotor system fault database.
One drawback of a neural network trained with ideal data is that
it classi� es ideal test data exactly, but gives signi� cant errors when
noise is addedto the test data.This problemwas overcomeby adding
noise to the analytical simulation during training. A fault detection
system based on noisy simulated data was found to be more robust
than that developed using ideal simulated data because it accounts
for the inherentuncertaintyin the real system. Testing of the trained
neural network showed that it can detect and identify damage in the
rotor system from simulated blade response and vibration data.

In addition to global faults such as those discussed, there are lo-
cal faults, which are dif� cult to detect from global system behavior
such as fuselage vibration and rotor response.9 Localized structural
damage such as blade cracks and delamination are examples of lo-
cal faults. Undetected blade cracks can lead to catastrophic failure
dependingon crack location,� ightconditions,and load severity.Lo-
cal fault detection methods have evolved to detect such faults. The
methods used for local fault detection include robust laser interfer-
ometer, photoelastictechniques,ultrasonic techniques,and acoustic
emission sensors.10 Such local fault detection techniques comple-
ment the global fault detection approach discussed in this paper.
When combined together, they can form a comprehensiveapproach
to rotor system health monitoring.

The damage detection techniques discussed in previous research
focused on primary faults (only one type of fault on the blade).8 In
thispaper, thedetectionofcompoundfaults is addressed.Compound
faults involve more that one type of fault on the damaged blade.
Detecting the components with a compound fault is important for
distinguishing between benign faults (such as track and balance
problems) and potentially catastrophic faults (such as damaged lag
damper).

Formulation
Mathematical Model of Rotor System

The helicopter is represented by a nonlinear model of several
elastic rotor blades dynamicallycoupled to a six-degree-of-freedom
rigid fuselage.Each bladeundergoes� ap bending,lag bending,elas-
tic twist, and axial displacement. Formulation is based on a gener-
alized Hamilton’s principle applicable to nonconservativesystems,

Ã2

Ã1

.±U ¡ ±T ¡ ±W / dÃ D 0 .1/

where ±U; ±T , and ±W are virtual strain energy, kinetic energy,
and virtual work, respectively.Here ±U and ±T also include energy

contributions from components that are attached to the blade, e.g.,
pitch link, lag damper, etc. External aerodynamicforces on the rotor
blade contribute to the virtual work variational ±W . For the aero-
elastic analysis, aerodynamic forces and moments are calculated
using an in� ow distribution from the Scully–Johnson free-wake
model11 and unsteadyeffectsare accountedfor using the Leishman–

Beddoes12 model.
Finite element methodology is used to discretize the governing

equations of motion and allows for accurate representationof com-
plex hub kinematics and nonuniform blade properties. After � nite
element discretization,Hamilton’s principle is written as

Ã f

Ãi

N

i D 1

.±Ui ¡ ±Ti ¡ ±Wi / dÃ D 0 .2/

Each beam element has 15 degrees of freedom. These degrees of
freedomcorrespondto cubic variations in axial elastic and (� ap and
lag) bending de� ections and quadratic variation in elastic torsion.

The � rst step in the aeroelastic analysis procedure is to trim the
vehicle for the speci� ed operating condition. The blade � nite ele-
ment equations are transformed to normal mode space for ef� cient
solutionof thebladeresponse.The nonlinear,periodic,normalmode
equations are then solved for steady response using a � nite element
in time method. Steady and vibratory components of the rotating
frame blade loads, i.e., shear forces and bending/torsion moments,
are calculatedusing the force summation method. In this approach,
bladeaerodynamicand inertia forcesare integrateddirectlyover the
length of the blade. Fixed frame hub loads are calculated by sum-
ming the contributionsof individual blades. A coupled trim proce-
dure is carried out to solve simultaneously for the blade response,
pilot input trim controls, and vehicle orientation. The coupled trim
procedure is essential for elastically coupled blades because elas-
tic de� ections play an important role in the steady net forces and
moments generated by the rotor.

Indicators of System Damage
It is assumed that one blade is damaged and the other blades are

undamaged. For the undamaged rotor (assuming perfectly tracked
blades), all four blades will have identical tip response (magnitude
and phase). Also, for a perfectly tracked rotor, only 4=revolution
and 8=revolution forces and moments will be transmitted by the
undamaged rotor to the fuselage.

In practice, however, there will always be some level of fuselage
response at 1=revolution and at higher harmonics due to the inabil-
ity to perfectly balance and track a rotor. Typically, a 1=revolution
fuselage response of 0.15 ips, equivalent to about 170 lb, is repre-
sentative of a well-balanced rotor. Vibrations in excess of 0.30 ips
are consideredsigni� cant and indicate the need to track and balance
the rotor. Approximate thresholds for the moments transmitted to
the fuselage can be similarly obtained. Moments below 2500 lb-in.
are representative of a well-tracked and balanced rotor. Moments
above 5000 lb-in. indicate the need to track and balance the rotor.

Similarly, for the blade tip response,most real rotorsdisplaysome
degree of variation in tip displacementsbetween blades even when
the rotor is considered to be in a tracked condition. In this study,
we assume that variations in tip de� ections less than one-quarter
of an inch are negligible, and changes in elastic twist of less than
one-quarter of a degree are considered too small to be of practical
value. These measures for system response are shown in Table 1.

The vibratoryhub loadsand bladeresponsepredictedby themath-
ematical model are assembled into the following vector form:

p D b1v1w1Á Fx Fy Fz Mx My MzcT .3/

Blade responseharmonicsgreater than 5 and load harmonicsgreater
than 10 are very small and are neglected. The change in blade tip
response between the damaged and undamaged blade is expressed
in the form (for � ap response)

1w D b1w01w1c1w1s1w2c1w2s1w3c1w3s

£ 1w4c1w4s1w5c1w5scT (4)
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Table 1 Quantitative measures for system behavior

Measure Tip � ap, lag, Tip torsion, Forces, Moments, Phase,
(units) in. deg lb lb-in. deg Symbols

Negligible <0.25 <0.25 <170 <2500 <10 »
Moderate 0.25–0.50 0.25–0.50 170–340 2500–5000 10–30 ±
Signi� cant >0.50 >0.50 >340 >5000 >30 °

Fig. 1 Schematic representation of multilayer neural network.

The blade lag and torsion response can be similarly expressed.The
vector for the longitudinal force is given as

Fx D bFx0 Fx1c Fx1s Fx2c Fx2s Fx3c Fx3s Fx4c Fx4s Fx5c Fx5s Fx6c Fx6s

£ Fx7c Fx7s Fx8c Fx8s Fx9c Fx9s Fx10c Fx10s cT (5)

Similar vectors de� ne the other forces and moments. The vector p
in Eq. (3) has 159 elements and contains the needed information
about the damaged rotor system in mathematical form.

To simulate data contaminated by noise, zero-mean white noise
with a normal distribution is added to p. The noise is added to each
element of the p vector as follows:

pni D pi C pi ®² D pi .1 C ®²/ .6/

where ² is a random number between ¡1 and 1 from the normal
distributionand ® is the noise level. A value of ® of 0:05 is referred
to as 5% noise and implies an uncertainty of 5% in the data for pi .
The noisy response vector is denoted by pn .

Neural Network Architecture
Two neural networks are used for the damage detection problem.

Both networks consists of an input layer, a hidden layer, and an
output layer.A schematic of the network is shown in Fig. 1. The � rst
network (network A) is a pattern classi� er. Network A determines
the type (or types) of damage, for example, whether the damage is
moisture absorption or a defective lag damper, or a combination of
both. For network A, the hidden layer and the output layer consist
of nonlinear logarithmicsigmoid neurons, an architectureknown to
be suitable for pattern classi� cation.13 These neurons use sigmoid
activation functions of the type

Á.v/ D 1

1 C exp.¡v/
.7/

The second network (network B) is a function approximator. For
network B, the hidden layer consists of nonlinear log-sigmoid neu-
rons and the output layer consists of linear neurons, an architecture
known to be suitable for function approximation problems. Net-
work B assumes that network A has isolated the type of damageand

Fig. 2 Schematic representation of model-based damage detection
procedure.

uses this information to determine the magnitude of damage. This
procedure is shown schematically in Fig. 2.

A backpropagation algorithm with added momentum and an
adaptive learning rate is used.14 The error measure of the networks
is de� ned as

ek D
kt ¡ t0

kk
ktk

.8/

where t is the desired target vector and t0k is the output vector pro-
duced by the network at the end of the kth iteration and where k¢k
is the Euclidean norm. The algorithm is assumed to have converged
when the error becomes suf� ciently small (ek D 0:00001).

Training Database
Three representative rotor faults are used to train the neural net-

work: moisture absorption, defective lag damper, and damaged
pitch-control system. In each case, training data are generated by
starting with an undamaged rotor and progressively increasing the
damage intensity on the damaged blade.

The training target vectors are de� ned as

d D b0 0:1 0:2 ¢ ¢ ¢ 0:9 1:0c .9/

The value 0 correspondsto the undamagedcase and 1.0 corresponds
to signi� cant damage. Intermediate values of d represents a linear
variation in the damage magnitude between these extremes. For
moisture absorption, di D 1 corresponds to an increase in mass of
the damaged blade by 3%, compared to the undamaged blade. For
the defective lag damper, di D 0 corresponds to a lag damping con-
stant C³ D 3000 lb s/in., and di D 1 corresponds to a lag damper
constant C³ of the damaged blade equal to zero. For the pitch-
control system, damage level is represented by a linear reduction
in pitch-link stiffness from 100% for the undamaged blade to 12%
for the damaged blade. This corresponds to a reduction in the base-
line torsion frequency from 4.31 per revolution for the undamaged
blade (di D 0) to 4.0 per revolution for the damaged blade (di D 1).
The variation of the � rst torsion mode frequency with pitch-control
system damage level is shown in Fig. 3. The aeroelastic analysis
is performed for the values of d de� ned earlier and for each case
the system responsevector p de� ned by Eq. (3) is calculated.These
data form the simulated fault database. The database is divided into
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Fig. 3 First rotating torsion frequency of blade with damaged pitch-
control system.

two parts depending on the value of d. One part is used for training
the neural network [Eq. (10)] and the other for testing the trained
neural network [Eq. (11)]:

dtr D b0 0:2 0:4 0:6 0:8 1:0c (10)

dtest D b0:1 0:3 0:5 0:7 0:9c (11)

For each damage type, six damage levels are used for training and
� ve damage levels are used for testing. When there is more than a
single fault on the damaged blade, the data needed for training the
neural network become large as the number of faults increases. For
example, for two faults on the damaged blade, there are 36 (6 £ 6)
combinationsof damage levels for trainingand 25 (5£5) for testing
the neural network.

Damage Detection
Neural network A is used for damage detection. The input to the

neural network is the vector p, de� ned at N damage levels [Eq.
(10)], for the three damages being considered. The input matrix P
is given as

P D [ P1 P2 P3 P12 P13 P23] .12/

where for damage 1

P1 D [ p1 p2 ¢ ¢ ¢ pN ]

for damage 2

P2 D [ p1 p2 ¢ ¢ ¢ pN ]

and for damage 3

P3 D [ p1 p2 ¢ ¢ ¢ pN ]

Each matrix Pk shown has 159 rows and N columns and represents
a single fault on the damaged blade. For the case with two faults on
the damaged blade, the input matrices for damages 1 and 2 are

P12 D

&

6666$

p11 p12 ¢ ¢ ¢ p1N

p21 p22 ¢ ¢ ¢ p2N

:::
:::

:::
:::

pN1 pN2 ¢ ¢ ¢ pN N

’

7777% .13/

for damages 1 and 3 are

P13 D

&

6666$

p11 p12 ¢ ¢ ¢ p1N

p21 p22 ¢ ¢ ¢ p2N

:::
:::

:::
:::

pN1 pN2 ¢ ¢ ¢ pN N

’

7777% .14/

and for damages 2 and 3 are

P23 D

&

6666$

p11 p12 ¢ ¢ ¢ p1N

p21 p22 ¢ ¢ ¢ p2N

:::
:::

:::
:::

pN1 pN2 ¢ ¢ ¢ pN N

’

7777% .15/

Each matrix Pi j has 159 rows and N £ N columns. The element pi j

represents the system response vector p for two damages at damage
levels i and j . In each case, i and j range from 1 to N . The target
vector T is given as

T D

&

6$
b1c b0c b0c b1c b1c b0c
b0c b1c b0c b1c b0c b1c
b0c b0c b1c b0c b1c b1c

’

7%
.16/

where

b1c D f1 1 ¢ ¢ ¢ 1g (17)

b0c D f0 0 ¢ ¢ ¢ 0g (18)

Here b1c and b0c are row vectorsof size N or size N £N , depending
on the nature of the fault (primary or compound). The row in which
1 is present in the T matrix corresponds to the type of damage. The
neural network performs a mapping of training vector P into target
vector T and can be written as

T D N .P/ .19/

where N is the neural network mapping. The effect of noise is
included by de� ning an augmented training matrix

Pn D bP P P0 P00c .20/

where P0 and P00 are noise contaminated signals de� ned as .P0/i D
.P/i C .P/i 0:05² and where .P00/i D .P/i C .P/i 0:1² represent 5
and 10% noise contamination, respectively. The augmented train-
ing matrix contains two copies of the ideal matrix and two noisy
matrices. These inputs are all matched to the same target outputs.
The augmented target vector is obtained as

Tn D bT T T Tc .21/

The network mapping with noisy data can now be represented as

Tn D Nn.Pn/ .22/

For eachfault, thepattern fromonly idealdata is expandedby adding
noise contaminateddata. The neuralnetwork is trained to map these
patterns with the faults causing them. For training the network, the
following procedure is followed. First, the network is trained using
ideal data,as shown in Eq. (19). Next, the network is trainedonnoisy
data for 10 cycles, as shown in Eq. (22). For each trainingcycle, the
convergedweights are used as the starting values from the previous
cycle. For each cycle, a different randomly generated seed value is
used by the random number generator to form the noisy data. The
10 cycles provide considerable noisy training data and generalize
the input patterns mapping onto the faults. Finally, to ensure that
the network recognizes the ideal vectors, it is again trained on ideal
data. The training of the network on several samples of noisy data
increases generalization capability and makes the network more
robust.15

It is clear that the described procedure can be expanded to in-
clude a higher amount of noise by further augmenting the training
and target matrices with noisy data. This method of training us-
ing augmented matrices is known as batch training in contrast to
pattern training, where the inputs are given sequentially to the net-
work. Utilizing a batching operation is often more ef� cient and
provides a more accurate estimate of the gradient vector used in
backpropagation.13
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Damage Identi� cation
Neural network B is used for damage identi� cation. The input to

the neural network is the matrix P corresponding to the damage (or
damages) detected by network A. A separate network is used for
each damage type. Once the type of damage is known, the problem
is to determine the extent of damage. The target vector is de� ned in
Eq. (10) for a single fault. For a compound fault, the target vector
is a combination of the damage levels de� ned by Eq. (10). For ex-
ample, for damage k, the neural network is trained for the following
mapping:

dtr D N .Pk/ .23/

The issue of noisy data is also addressed for the damage identi� ca-
tion network. This is done by de� ning the augmented matrix

Pkn D bPk Pk P0
k P00

k c .24/

and the augmented target vector

dtrn D bdtr dtr dtr dtrc .25/

where P0
k and P00

k are noisy signals generated using 5 and 10% noise
contamination, respectively.The network mapping with noisy data
is, therefore, given as

dtrn D Nn Pkn .26/

Again, the ideal and noisy vectors have the same input targets. The
network is � rst trainedusing ideal data [Eq. (23)], then trained using
10 cycles of noisy data [Eq. (26)], and � nally trained with ideal data
again.

Results and Discussion
For results, a four-bladed articulated rotor with properties sim-

ilar to those of an SH-60 helicopter is selected (see Table 2). The
rotor blade is modeled using 13 spatial � nite elements along the
bladespan. Six time � nite elements with fourth-order shape func-
tions are used along the azimuth to calculate the blade response.
The results are obtained for a normalized rotor thrust coef� cient
CT =¾ D 0:0726 and a rotor advance ratio of ¹ D 0:3. Selected vali-
dation of rotor component loads using this simulation for a baseline
con� guration are provided in Ref. 7. The results in this paper use
relative changes in the rotor responseand vibrationpredictedby the
mathematical model for a faulty rotor to train the neural network.
Furthermore, noise is added to the model predictions. These mea-
sures reduce the in� uence of modeling limitationsand uncertainties
on the fault detectionresultspredictedby the trainedneuralnetwork.

Faults Used for Damage Detection
Three faults are selected in this study to study the detection of

compound faults using neural networks. These are damaged lag
damper, damaged pitch-control system, and moisture absorption.
Several combinations of faults on the damaged blade are also con-
sidered.

Table 2 Helicopter properties

Rotor radius 26.8 ft
Flap and lag hinge offset 15 in.
Number of blades 4
Blade chord 20.76 in.
Linear aerodynamic twist ¡18 deg
Cl 6.0®

Cd 0:002 C 0:2®2

Cm 0
Lock number 8.00
Solidity 0.0826
Blade attachment point 41.5 in.
Rotor tip speed 725 ft/s
Helicopter weight 16,500 lb
Blade mass 235 lb

Fig. 4 Network error for generalization with increasing number of
neurons in hidden layer, normalized by error of generalization with two
neurons (all test data presented simultaneously to the trained network).

Number of Neurons
Training for both networks A and B is started using one neuron

in the hidden layer. The number of neurons in the hidden layer is
progressivelyincreasedfrom one, and the error for generalizationof
the network is monitored. The error for generalization is de� ned as

eg D
kttest ¡ toutputk

kttestk
.27/

where ttest is thedesiredoutputand toutput is theestimatedoutputof the
trained network when presented with test data. The lower the value
of eg is, the better the network is at generalizing from training data.

Both ideal and noisy data are used for trainingand testing the net-
work. All training data are presented to the network simultaneously
for all damage levels de� ned by dtr. Once the network has trained,
test data are presented to the trained network simultaneouslyfor all
damage levels de� ned by dtest. Both primary and compound faults
are considered. The error for generalization is shown in Fig. 4, as
the number of neurons in the hidden layer is increased, for neural
networks A and B (three combinations of damages). As the num-
ber of neurons increases from two, the error for generalization� rst
decreases rapidly and reaches a minimum, after which it starts in-
creasing slowly. For network A, eg is minimum at 12 neurons and
for network B at around 18 neurons (for three damage combina-
tions). Therefore, networks A and B display good generalization
characteristicswith 12 and 18 neurons, respectively.Further results
in this study use 12 neurons in the hidden layer for network A and
18 neurons for network B.

Damage Detection
Training and Testing

Network A is trained using simulated fault data for the three
damages over the full range of damage level dtr [Eq. (10)]. This
includesindividualas well as combinationsof thedamages.Training
data for the three damages at damage levels dtr are simultaneously
presented to the neural network as matrix Pn . Once the network is
trained, the ability of the network to � t the training data exactly
is veri� ed. Then, the test data corresponding to damage levels dtest

[Eq. (11)] are analyzed.Both ideal and noise contaminated test data
are used. The test data are also simultaneously presented to the
trained network for the three damages at damage levels de� ned by
dtest. For ideal test data, the network identi� es the damage perfectly.
Perfect identi� cation implies that the target matrix T has the 1s and
0s in the correct places, as shown in Eq. (16).

The trained network is also used to identify damage from noise
contaminated data. For noise contaminated test data, the network
may make errors as noise levels are increased.As noise levels in the
test data are increased,some of the elements of the target matrix are
placed into the wrong position by the neural network. The number
of errors made by network A is de� ned as the number of columns
in target matrix T where the 1s and 0s are misplaced and is denoted
by Ne. Figure 5 shows the number of errors made by the network
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Table 3 Moderate and signi� cant harmonics of system
parameters (per revolution)

1v 1w 1Á 1Fx 1Fy 1Fz 1Mx 1My 1Mz

0 0 3 1 1 1 0 1 0
1 1 4 4 5 2 1 4 4

3 5 6 3 2 6 5
6 8 5 4 8 6
9 8 6 10
10 10

Fig. 5 Number of errors in pattern classi� cation with increasing noise
level for neural network trained on ideal data and noisy data (all test
data presented simultaneously to the trained network).

with increasingnoise levels in the test data. For comparison, results
from a network trained on ideal data alone are also shown. For a
network trained on ideal data alone, it is found that the network
begins to misidentify damage even in the presence of low levels
of noise (as low as 2%) in the test data. However, the network
trained on noisy data produces no classi� cation error for noise less
than 10% and relatively small error at even higher noise levels,
compared to the network trained on ideal data alone.This illustrates
the bene� ts of training the neural network using noisy data. Note
that the network is trained on noisydata correspondingto 5 and 10%
noise contamination only, for 10 cycles.

Reduction in System Parameters Used for Training
The neural network uses all 159 rows of the training vector p

correspondingto the � rst � ve harmonics of the lag, � ap and torsion
response, and the � rst 10 harmonics of the 3 hub forces and 3 hub
moments. However, many of the elements in p are negligible, and
it is likely that the neural network makes the pattern classi� cation
using only a subset of the system characteristics it receives. To
reduce the size of the input vector, the rows of input matrix P and
Pn for which all elements are negligible are deleted. The de� nition
of negligible is given in Table 1. The remaining rows in the input
matrix corresponding to system parameters that are moderate or
signi� cant, for at least one damage case, are shown in Table 3. By
removing the negligible components of the input data, the number
of rows in P is reduced from 159 to 70. After deleting the negligible
system parameters, the network is again trained and tested using the
reduced data. The network gives the same results after removal of
the negligible inputs, compared to when all inputs are used. This
reduced set of network input is used for subsequent results.

Minimum Higher Harmonic System Parameters
To determine the absolute minimum of inputs necessary, each

input is eliminated one by one. Higher harmonic inputs are elimi-
nated � rst. The � nal data set that is able to satisfy training and test-
ing criteria consists of steady lag response, steady and 1=revolution
� ap and torsion response, 1=revolution and 4=revolution longitudi-
nal and lateral force, 1=revolution and 3=revolution vertical force,
4=revolution rolling moment, 1=revolution pitching moment, and
1=revolution and 4=revolution yawing moments. These system pa-
rameters de� ne the lowest harmonics of the system parameters that

must be monitored to detect the three damages considered in this
study (Table 4). The elementsof Table 4 are a subsetof the elements
in Table 3 and can be used to lower the number of rows in the P
matrix from 70 to 26. However, if more damage types are present
than the three consideredin this study, additionalsystem parameters
may have to be monitored.

Sequential Testing
The results just discussedwere for cases when the neuralnetwork

was simultaneouslypresentedwith test data for the threedamagesat
10 damage levels each. This procedure of batch, or parallel, testing
is useful in determiningthe networkgeneralizationcapabilityand in
network sensitivity studies discussed earlier. However, in an actual
helicopter,any damage will manifest itself by changes in system pa-
rameter vector p corresponding to any one damage at one damage
level. The damage detection scheme must be able to detect dam-
age from the input vector p. To simulate this condition, the neural
network trained using system parameters in Table 4 is sequentially
presented with system response vector p for a given damage at a
damage level selected from dtest. The correct network output is then
a vector t, which is f1; 0; 0g for moisture absorption, f0; 1; 0g for
lag damperdamage, and f0; 0; 1g for the damagedpitch-controlsys-
tem. If the correct output is obtained when the network is presented
with vector p, the network has detected the damage. Figures 6–8

Table 4 Lowest harmonics of system parameters needed
for detection (per revolution)

1v 1w 1Á 1Fx 1Fy 1Fz 1Mx 1My 1Mz

0 0 0 1 1 1 4 1 1
1 1 4 4 3 4

Fig. 6 Detection of moisture absorption by trained neural network
when sequentially presented with rotor-system response test data at
several damage levels.

Fig. 7 Detection of damaged lag damper by trained neural network
when sequentially presented with rotor-system response test data at
several damage levels.
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summarize the detection results for test data p at several noise lev-
els and damage levels. The shaded squares in Figures 6–8 indicate
successful detection of the damage by the neural network at a given
noise level and damage level. The blank portions indicate a misde-
tection.

For ideal test data, moisture absorption can be detected for dam-
age level d ¸ 0:15 and for damaged lag damper and damaged pitch-
control system, for d ¸ 0:25. As the noise contamination of the test
data increases, it becomes progressivelydif� cult for the neural net-
work to correctly detect faults at small damage levels. It appears
from these � gures that moisture absorption is easier to detect than
the other damagesand that faultswith high damage levels (d ¸ 0:85)
can be detectedeven when the systemresponsedata have signi� cant
noise contamination.

Next, combinationsof the faults are investigated.To simulate this
condition, the neural network is presented with the system response

Fig. 8 Detection of damaged pitch-control system by trained neural
network when sequentially presented with rotor-system response test
data at several damage levels.

Fig. 9 Detection of moisture absorption and damaged lag damper compound fault by trained neural network when sequentially presented with
rotor-system response test data at several damage levels and noise levels.

vector p for two damages at two damage levels. The correct net-
work output is then f1; 1; 0g for moisture absorption and damaged
lag damper, f1; 0; 1g for moisture absorption and damaged pitch-
control system, and f0; 1; 1g for damaged lag damper and damaged
pitch-controlsystem. If the correct output is obtainedwhen the net-
work is presented with the vector p, the network has detected the
damage. Figure 9 shows the detection results at several noise lev-
els and several damage levels for the compound fault consisting of
moisture absorption and damaged lag damper. Results are shown
for four cases with noise levels in the test data increasing from 0 to
15%. Successfulfault detectionby the neuralnetwork is represented
by the shaded squares shown in the � gure. The blank portions show
misdetection. At low noise levels even small damage levels can be
detected. However, as the noise level in the test data increases, it
becomes dif� cult to detect damages at small damage levels. Similar
results for moisture absorption and damaged pitch-control system
are shown in Fig. 10 and for damaged lag damper and damaged
pitch-control system are shown in Fig. 11.

Damage Identi� cation
Training and Testing

Once thedamagehas beendetected,the next step is damageextent
identi� cation, i.e., to estimate the degreeof damage.Neuralnetwork
B is used for this damage identi� cation. The reduced data set of
system parameters shown in Table 4 is used for training and testing
the network. The neural network is trained to map the training data
to the rotor system parameters corresponding to the damage level
dtr. Both ideal and noise contaminated training data are used.

Figure 12 shows the identi� cation error varying with the noise
level in the test data for moistureabsorption.The identi� cation error
is de� ned as

eid D
kdtest ¡ doutputk

kdtestk
.28/

where dtest is the desiredoutputof the trainednetworkwhen exposed
to test data and doutput is the actualoutputof the network.Other faults
(both primaryand compound) showsimilar results.For comparison,
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Fig. 10 Detection of moisture absorption and damaged pitch-control system compound fault by trained neural network when sequentially presented
with rotor-system response test data at several damage levels and noise levels.

Fig. 11 Detection of damaged pitch-control system and damaged lag damper compound fault by trained neural network when sequentially presented
with rotor-system response test data at several damage levels and noise levels.
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Fig. 12 Error in damage identi� cation for moisture absorption with
increasing noise level in test data.

the � gure also shows the error of a network trained on ideal data
alone. For a noise level below 2%, the network trained with ideal
data shows zero error. However, as the noise level increases above
2%, the network trained on ideal data shows increasing error in
identi� cation. In contrast, the network trained on noisy data gives
almost zero error for noise levels less than 10%, and low error even
at noise levels of 15 and 20%. Note that the noisy training data
include 5 and 10% noise contamination only, for 10 cycles.

Conclusions
Simulated fault data from the damaged rotor system are used to

develop a neural network-based approach for rotor-systemdamage
detection. Damages used for training the neural network include
moisture absorption, damaged lag damper, and damaged pitch-
control system. Both single faults and multiple faults are consid-
ered on the damagedblade.Relativechangesin rotor blade response
and vibration due to the presence of faults are used to train neural
networks for damage detection and identi� cation. The following
conclusions are drawn from this study.

1) A feedforwardneuralnetwork using backpropagationlearning
and one hidden layer can detect and quantify damage after being
trained on simulated ideal and noise contaminated data obtained at
severaldamage levels.Damage canbe detectedfor both single faults
and multiple faults on the damaged blade.

2) For accurate estimationof the type and extent of damages, it is
importantto trainneuralnetworkswith noise contaminatedresponse
data. A neural network trained on ideal simulated data shows large
errorswhen evena small amountof noise is presentedin the testdata.

3) For the faults consideredin this study, a neuralnetwork with an
input layer, a hidden layer, and an output layer is used. The number
of neurons in the input and output layers is � xed by the size of
the input and output data. For damage detection 12 neurons in the
hidden layer are found to give a low error of generalization. For
damage identi� cation, 18 neurons in the hidden layer are found to
give low error of generalization.

4) When the blade tip response, hub forces, and hub moments
are used together to train the network, damage can be detected
without relying signi� cantly on higher harmonic data. For the

damages investigated it was found that monitoring the steady lag,
� ap, and torsion response;1=revolution � ap and torsion response;
1=revolution and 4=revolution longitudinal and lateral forces;
1=revolution and 3=revolution vertical forces; 4=revolution rolling
moment; 1=revolution pitching moment; and 1=revolution and
4=revolution yawing moment data was suf� cient for detection and
identi� cation.
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