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Health Monitoring of a Helicopter Rotor
in Forward Flight Using Fuzzy Logic

Ranjan Ganguli*
Indian Institute of Science, Bangalore 560 012, India

A fuzzy logic system is developed for helicopter rotor system fault isolation. Inputs to the fuzzy logic system are
measurement deviations of blade bending and torsion response and vibration from a “good” undamaged helicopter
rotor. The rotor system measurements used are flap and lag bending tip deflections, elastic twist deflection at the
tip, and three forces and three moments at the rotor hub. The fuzzy logic system uses rules developed from an
aeroelastic model of the helicopter rotor with implanted faults to isolate the fault while accounting for uncertainty
in the measurements. The faults modeled include moisture absorption, loss of trim mass, damaged lag damper,
damaged pitch control system, misadjusted pitch link, and damaged flap. Tests with simulated data show that the
fuzzy system isolates rotor system faults with an accuracy of about 90-100%. Furthermore, the fuzzy system is
robust and gives excellent results, even when some measurements are not available. A rule-based expert system
based on similar rules from the aeroelastic model performs much more poorly than the fuzzy system in the presence

of high levels of uncertainty.

Nomenclature

blade section drag coefficient

blade section lift coefficient

blade section moment coefficient

thrust coefficient

hub forces

longitudinal hub force

lateral hub force

vertical hub force

hub moments

rolling hub moment

pitching hub moment

yawing hub moment

midpoint of fuzzy sets

number of spatial finite elements

number of blades

rotor radius

kinetic energy, set of terms for fuzzy variable
strain energy, universe of discourse for fuzzy variable
lag bending deflection of blade

virtual work

flap bending deflection of blade

element of fuzzy set

rotor system faults

measurement deltas

angle of attack

difference between healthy and damaged quantity
variation

systematic noise

advance ratio, fuzzy degree of membership

mEmO000

< ] - = =
L {1V T | V| {1 [ 1 VI A [ A I 1

EeeLRNMES I QNDZZITERED

Ha(x) = degree of membership of x in fuzzy set A
o = solidity ratio, standard deviation

¢ = torsion deformation of blade

¥ = azimuth angle, time

Q = rotation speed

Oie = ith cosine component

Ois = ith sine component
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noise contaminated quantity
zeroth harmonic, steady quantity

Introduction

ELICOPTER rotorsare subjectto high vibratoryforces caused

by time-varying aerodynamicloads. These vibratory loads of-
ten cause fatigue damage in flight-criticalcomponents such as blade
pushrods, control arms, attachment fittings, etc., and contribute to
wear in bearings, dampers, and various mechanical joints. Because
of this, helicopterrotors require frequentinspections for component
damage and rotor track and balance problems. In fact, maintenance
costs account for about one-quarter of the direct operating costs of
rotorcraft."> Typically, a rotor track and balance system measures
fuselage vibration and blade response to detect track and balance
faults and determines the necessary adjustments needed to correct
them.3~7 Most commercial health and usage monitoring systems
(HUMS) provide very limited rotor system coverage. Typically, they
provide automatic track and balance and seek primarily to reduce
1/revolution fuselage vibration by compensating for the dissimilar-
ities between blades. If adjustments to the rotor track and balance
do not bring the vibration levels and blade response to within ac-
ceptable limits, a faulty component may be the cause. Thus, rotor
system response data can provide a useful basis for fault detection
and health monitoring.

The rotor fault detectionmethods can be classified into two types:
local fault detection and global fault detection. Global faults are
those that can be detected using remote measurements of global
system parameter such as fuselage vibration and blade deflection.
The theoretical basis of global fault detection is that, for an un-
damaged rotor, all blades will have an identical response and only
N, /revolutionloads will be transmitted to the hub by an N,-bladed
rotor. However, if one blade is dissimilar to 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. In addition to global faults, there are local
faults thatare difficult to detect from global systembehavior, such as
fuselage vibration and rotor response. Localized structural damage
such as blade cracks and delamination are examples of local faults.
Undetected blade cracks can lead to catastrophicfailures depending
on flight conditions, crack location, and load severity. Local fault
detectionmethods have evolvedto detect such faults and include the
use of a robust laser interferometer, photoelastic techniques, ultra-
sonic techniques, modal analysis, wave propagation, and acoustic
emission sensors$~!! Such local fault detection methods comple-
ment global fault detection methods discussed in this paper. When
combined, they can form a comprehensiveapproach to rotor system
health monitoring.
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The first step in model-based global fault detection is develop-
ment of a mathematical model of the faulty system. Some work
on modeling a damaged helicopterrotor has been reported. Azzam
and Andrew'? simulated rotor system faults for a five-bladed artic-
ulated rotor, similar to the S-61 rotor, using a mathematical model.
Faults modeled included blade cracks, chordwise mass imbalance,
and defective lag damper. Ganguli et al.'*!* used a comprehen-
sive aeroelastic analysis based on finite elements in space and time
to simulate a damaged helicopter rotor. Numerical results were ob-
tainedin hoverand forward flight for an articulated four-bladedrotor
similar to the SH-60 rotor. Selected predictions of rotor component
loads were validated with flight-test data. Fault models included
were moisture absorption, loss of trim mass, damaged pitch-control
system, defective lag damper, damaged trim tab, structuraldamage,
and misadjusted pitch link. The influence of simulated rotor faults
on blade response and hub loads was analyzed and summarized in
the form of diagnostic charts. It was concluded that, whereas most
rotor faults can be detected by monitoring blade response and vi-
bratory hub loads, blade cracks are difficult to detect from global
system behavior. Although the authors did mention in these stud-
ies that the diagnostic charts could be used to develop algorithms
for detecting faults from system behavior, they did not address this
issue in their papers. More recently, Stevens'> has proposed addi-
tional fault models (most notably for cracks) that are appropriate for
rotorcraft damage detection systems.

The aforementionedstudies did nothave comparisons with flight-
test data. Addressing this issue, Yang et al.'® developed a coupled
rotor—fuselage-bifilar vibration analysis to study the effects of ro-
tor system faults on fuselage vibrationsin hover and forward-flight
conditions. Both single and multiple faults were simulated. The air-
frame vibration results were compared with SH-60 flight-test data
with the embedded faults. The faults considered were unbalanced
mass, misadjusted pitch control rod, and trim tab fault. The mass
imbalance faultresultedin more 1/revolution fuselagerolling vibra-
tion than vertical vibration, whereas, for trim tab and pitch-control
rod faults, the 1/revolution fuselage vertical vibration was greater
than the rolling vibration. Results indicated that vibration ampli-
tude trends were predicted reasonably well, but phasing was not
accurately predicted.

The studies just discussed focused on calculation of system re-
sponse of a helicopter rotor with implanted faults. However, to de-
velop a healthmonitoring system, we need to solve the inverse prob-
lem of predicting the rotor faults from the measured system data.
Addressing the inverse problem in rotor health monitoring, Ganguli
et al.!7!8 used neural networks for fault detection. The neural net-
works are trained from a numerically generated rotor system fault
database. One drawback of a neural network trained with ideal data
is that it classifies ideal test data exactly, but gives significant errors
when noise is added to the test data. This problem was overcome by
adding noise to the analytical simulation during training. A fault-
detection system based on noisy simulated data was found to be
more accurate than one trained with ideal data because it accounts
for inherent uncertainties in the real system. Testing of the neural
network showed that it could detectand identify damage in the rotor
system from simulated blade response and vibration data.

Haas and Schaefer'® applied neural network technology and ad-
vanced sensor concepts for onboard real-time diagnostics to warn
of incipient catastrophic failure. Using ground and flight testing on
an SH-60 and two CH-46 helicopters, they showed that artificial
neural networks are a powerful tool that can be used with existing
diagnostictechniquesto enhancethe capabilitiesof currently fielded
helicopter HUMS significantly.

Alkahe et al.?° used a detailed model of a coupled rotor—fuselage
for rotor analysis in forward flight. Several rotor component faults
suchas moisture absorption,pitch-linkdamage,lag damperdamage,
pitch frictionincrease,and stiffness defects were considered. A bank
of Kalman filters, each tailored to a specific fault was used and the
statisticallybest-fitting Kalman filter was selected as the most likely
fault. The numerical study used two sets of noisy measurements.
The first set was based on the blade tip sensors and the second was
based on the fixed frame hub loads. The noisy rotor environment
was handled by the Kalman filter using measurement and process

noise. The authorsmention that their method avoids the cumbersome
training needed by the neural network based faultisolation methods.

Stevens and Smith?!' adopted a differentand innovative approach
for rotor system health monitoring by using trailing-edge flaps to
interrogate the rotor system for faults actively. The rotor blade was
excited by a low-amplitude trailing-edge flap oscillation at selected
discrete frequencies. The blade response was measured using em-
beddedsensors. The health of therotor system was determinedusing
a frequency-domaindamage identification algorithm. An aeroelas-
tic analysis was used to design and test the system using physically
modeled faults.

Returning to the issue of the solution of inverse health monitoring
problems, we find that neural networks are being increasingly used
in helicopterhealth monitoring applications >~!7-18 Rotor track and
balance related problems have found their way from research set-
tings to an industry environment® However, neural networks have
the reputation for being black boxes that are difficult to understand.
Unlike neural networks that are black boxes, fuzzy systems give a
clear view of the real system because they are expressed in terms of
linguistic variables 22~2* In addition, whereas neural networks take
an enormous amount of time for training due to the cumbersome
gradient-based back-propagation algorithm, fuzzy systems can be
builtrapidly using a set of rules. Fuzzy systems are increasingly be-
ing used for diagnostics of mechanical systems.? It is well known
that the power of feedforward neural networks comes from their be-
ing mathematicallyproven to be universal functionapproximators 6
Recently, it has been proven that classical feedforward neural net-
works can be approximated to an arbitrary degree of accuracy by a
fuzzy logic system, withouthaving to go throughthe laborious train-
ing process needed by a neural network 2’ Therefore, fuzzy systems
share the universal approximation characteristics with neural net-
works. In this study, we use a fuzzy logic system for helicopterrotor
fault detection, using a rotor aeroelastic model followed earlier in
Refs. 13 and 14.

Formulation

A comprehensiveand accurate mathematical model is necessary
for model-based diagnostics. Such a model for a helicopter should
includeaccurate modeling of the structuraldynamicsof highly flexi-
blerotatingbladesundergoingflap and lag bending, elastic twistand
axial deformations, and the aeroelastic interactions between these
deformations and the unsteady aerodynamicsand nonuniform wake
geometry of a helicopter rotor. The UMARC formulation includes
the features just mentioned and is used in this study.8

Mathematical Model of Rotor System

The helicopter is represented by a nonlinear model of elastic ro-
tor blades dynamically coupled to a six-degree-of-freedam rigid
fuselage. Each blade undergoes flap bending, lag bending, elas-
tic twist, and axial displacement. Governing equations are derived
using a generalized Hamilton’s principle applicable to nonconser-
vative systems:

v2
/ U — 8T —sW)dy =0
12

1

The §U, 6T, and §W are virtual strain energy, kinetic energy, and
virtual work, respectively. The U and 47 include energy contri-
butions from components that are attached to the blade, for exam-
ple, pitch link, lag damper, etc. External aerodynamic forces on
the rotor blade contribute to the virtual work variational SW. The
aerodynamic forces and moments are calculated using an inflow
distributionfrom the Scully-Johnson free wake model (see Ref. 29)
and unsteady effects are accounted for using the Leishman—-Beddoes
model (see Ref. 30).

A finite element method is used to discretize the governingequa-
tions of motion and allows for the accurate representation of com-
plex hub kinematics and nonuniform blade properties. After the
finite element discretization, Hamilton’s principle is written as

vy N
/ > @U, = 8T, — sW)dy =0
¥

i =1
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Table1 Thresholds for system behavior

Variation Tip flap, lag, m  Tip torsion, deg Force, N Moment, N-m  Symbol
Negligible <0.00635 <0.25 <756.2 <282.46 N
Moderate  0.00635-0.0127 0.25-0.50 756.2-1512.39  282.46-564.92 M
Significant >0.0127 >0.50 >1512.39 >564.92 S

Each beam finite element has 15 degrees of freedom. These degrees
of freedom correspond to cubic variations in axial elastic and (flap
and lag) bending deflections, as well as quadratic variationin elastic
torsion.

The first step in the aeroelastic analysis procedure is to trim the
vehicle for the specified operating condition. The finite element
equations representing each rotor blade are transformed to normal
mode space for the efficient solution of the blade response. The non-
linear, periodic, normal mode equations are then solved for blade
steady response using the finite element in time method. Because
the blades are assumed to be dissimilar for the damaged rotor analy-
sis, each blade responseis obtained separately. Steady and vibratory
components of the rotating frame blade loads, that is, shear forces
and bending/torsion moments, are calculated using the force sum-
mation method. In this approach, blade inertia and aerodynamic
forces are integrated directly over the length of the blade. Fixed
frame hub loads are calculated by summing the individual contribu-
tions of individual blades. A coupled trim procedure is carried out
to solve the blade response, pilot input trim controls, and vehicle
orientation, simultaneously. The coupled trim procedure is essen-
tial for elastically coupled blades because elastic deflections play
an important role in the steady net forces and moments generated
by the rotor. Additional details of the aeroelastic analysis are given
in Ref. 28.

Modeling of Rotor Faults

In this study, six faults on the SH-60 helicopter are analyzed in
detail. Moisture absorptionis modeled by increasing the mass of the
damagedbladeby 2.74%,equivalentto about0.75 gal (0.002839m?)
of water. The loss of trim mass is modeled by a reduction in mass
by 25% at a small damage element of length 1% of blade length
and located at 94% of the blade span. This amounts to about 1%
of the blade total mass. The misadjusted pitch link is modeled by
a reduction in the rigid pitch angle of the damaged blade by 1 deg.
The damaged pitch-control system is modeled by a reduction in
the pitch-link stiffness of the damaged blade, such that the torsion
frequency is reduced by 6.75%. The lag damper is modeled by
setting the damping coefficient of the lag damper of the damaged
blade equal to zero. The damaged flap is modeled by a static shift
in the defection of the flap of the damaged blade of 5 deg. The
flap spans the tip of the damaged blade and has a length of about
6% of the damaged blade and a chord of 10% of the blade chord.
Details about modeling these faults are given in Ref. 13. The sizes
of the faults in Ref. 13 were obtained by consultations with major
operators of the SH-60 helicopter and maintenance reports.

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 the same tip response (magnitude
and phase). In addition, for a perfectly tracked rotor, the undamaged
rotor transmits only the 4/revolutionand 8/revolutionforces and mo-
ments to the fuselage. Therefore, any deviation of the measurements
of a real rotor from an undamaged rotor is an indication of damage.
These measurementdeltas are used as indicators of system damage.

In practice, there is always some level of fuselage response at
1/revolution and at higher harmonics due to the inability to balance
and track a rotor perfectly. Typically, a 1/revolution fuselage re-
sponse of 0.00381 m/s, equivalent to about 756.2 N vibratory hub
force for the helicopter analyzed in this study, is representative of a
well-balanced rotor.'? Vibrations in excess of 0.00762 m/s are con-
sidered significant and indicate the need to track and balance the
rotor. Approximate thresholds for the moments transmitted to the
fuselage can be similarly obtained. Vibratory hub moments below
282.46 N - m are representativeof a well-tracked and balancedrotor.

Most real rotors have some degree of variation between the tip
displacements of blades, even when the rotor is considered to be
in “tracked” condition. One approach to account for these “out of
track” blades and uncertainty in the measurements and model is to
define linguistic thresholdsfor system behavior. These measures for
system response are defined in Table 1 (from Ref. 13).

Expert System

Expertsystemsare intelligentcomputerprogramsthatemulatethe
reasoning processes of human experts to solve difficult problems.3!
For example, a pilot could use the information in Table 1 to deter-
mine the type of rotor fault. However, humans are not well suited to
processing large amounts of data rapidly, and a computational ap-
proach to decision making needs to be taken for online diagnostics
problems. The formulationin Table 1 can be viewed as hard limits or
crisp sets because there is no intersection between the definitions of
negligible, moderate, and significant. Such definitions can be used
to create decisionrules R that drive a expert system of the form

R;: IF x, is true AND x, is true AND ... AND x,, is true THEN

y=b, i=123....M

where m and M are the number of input variablesand rules, x; and y
are the inputand outputvariables,and true and false representbinary
values.Severalsuchrules can be accumulatedto form the knowledge
base of an expert system. Decision rules work well when the input
data are accurate. However, their performance degrades when input
data are uncertain or noisy. In such cases, fuzzy rules can be used to
improve classification performance. For decision rules, antecedent
conditions are true (1) or false (0). To fuzzify these rules, we have
to choose or derive membership functions from the training data
and use the membership grades instead of a binary value, O or 1, to
measure the matching degree.

Hard limits have problems in handling uncertainty. For exam-
ple, using the thresholds in Table 1 leads to a hub force of 755 N
being classified as negligible and 757 N being classified as mod-
erate. There is measurement uncertainty due to sensors, as well
as model uncertainty due to approximations in the mathematical
model. Therefore, such hard limit thresholds do not account for un-
certainty accurately. One approach to account for the uncertainty is
using fuzzy logic. Again, the measures defined in Table 1 can be
fuzzified and used to develop a fuzzy logic system.

Fuzzy Logic System

A fuzzy logic system (FLS) is a nonlinear mapping of an input
feature vectorinto a scalar output?® Fuzzy set theory and fuzzy logic
provide the framework for the nonlinear mapping. FLSs have been
widely used in engineering applications because of the flexibility
they offer designers and because of their ability to handle uncer-
tainty. An FLS can be expressed as a linear combination of fuzzy
basis functions and is a universal function approximater. Further
information on FLSs is available from textbooks? A brief intro-
duction to fuzzy systems is given hereafter.

A typical multi-input/single-output FLS performs a mapping
from V € R™ to W € R using four basic components: rules, fuzzi-
fier, inference engine, and defuzzifier, as shown in Fig. 1. Here,
f:VeR" > WeR,whereV=V xV,x---xV, e R"is thein-
putspaceand V € R is the outputspace. Rules for the FLS can come
from experts or can be obtained from numerical data. In either case,
engineering rules are expressed as a collection of IF-THEN state-
ments such as “IF u, is HIGH, and u, is LOW, THEN v is LOW.”
To formulate such a rule, we need an understandingof 1) linguistic
variables vs numerical values of a variable (e.g., HIGH vs 3.5%);
2) quantifyinglinguistic variables (e.g., #; may have a finite number
of linguistic terms associated with it, ranging from NEGLIGIBLE
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Fig.1 Schematic representation of components of fuzzy logic system.

to VERY HIGH), which is done using fuzzy membership functions;
3) logical connectionsbetween linguistic variables (e.g., AND, OR,
etc.); and 4) implications such as “IF A THEN B.” We also need to
understand how to combine more than one rule.

The fuzzifier maps crisp input numbers into fuzzy sets. It is nec-
essary to activaterules that are expressedin terms of linguistic vari-
ables. An inference engine of the FLS maps fuzzy sets to fuzzy
sets and determines the way in which the fuzzy sets are combined.
In several applications, crisp numbers or classes are needed as an
output of the FLS. In those cases, a defuzzifier is used to calculate
crisp values from fuzzy values.

Fuzzy Sets

A fuzzy set F is defined on a universe of discourse U and is
characterized by a degree of membership £ (x), which can take on
values between 0 and 1. A fuzzy set generalized the concept of an
ordinary set whose membership functiononly takes two values, zero
and unity.

Linguistic Variables

A linguistic variable u is used to represent the numerical value x,
where x is an elementof U. For example, x can be a number “3.5” or
the linguisticvariable u named “displacement.” A linguistic variable
isusually decomposedinto a setof terms 7' (1) thatcoverits universe
of discourse. Thus, displacement u could be “low,” “medium,” and
“high.”

Membership Functions

The most commonly used shapes for membership functions 1 (x)
are triangular, trapezoidal, piecewise linear, or Gaussian. The de-
signer of the fuzzy system selects the type of membership function
used. There is no requirement that membership functions overlap.
However, one of the major strengths of fuzzy logic is that member-
ship functions can overlap. FLS are robust because decisions are
distributed over more than one input class. For convenience, mem-
bership functions are normalized to one so that they take values
between 0 and 1 and, thus, define the fuzzy set.

Inference Engine
Rules for the fuzzy system can be expressed as

R;: 1Fx, is F, ANDx, is F, AND ... ANDx,, is F,, THEN y = C,

i=1,273,....M

where m and M are the number of input variables and rules, x;
and y are the input and output variables, and F; € V; and C; e W
are fuzzy sets characterized by membership functions p, (x) and
¢, (x), respectively. Each rule can be viewed as a fuzzy impli-
ion Fi, m=F X F, x---xF, = C;, which is a fuzzy set in
VW=V, xV,x---xV, xWwithmembership functiongiven
by

IR (X, Y) = pp (X1) * p, (X2) % -+ % g, (Xn) * (e (¥)

where * is the T norm with x =[x x,, ..., x,,] € V and y € W. This
sort of rule covers many applications. The algebraic productis one
of the most widely used T norms in applicationsand leads to a prod-
uct inference engine. In pattern recognition problems, the outputs

are often crisp sets, and ¢, (y) =1 is often used for the product
inference formula.

Defuzzification

Popular defuzzification methods include maximum matching
and centroid defuzzification.’> Whereas centroid defuzzification is
widely used for fuzzy control problems where a crisp output is
needed, maximum matchingis oftenused for pattern matching prob-
lems where we need to know the output class. Suppose there are K
fuzzy rules and, among them, K; rules (j=1,2, ..., L, where L
is the number of classes) produce class C;. Let Dj, be the measure-
ments of how the pth pattern matched the antecedent conditions
(IF part) of the ith rule, which is given by the product of member-
ship grades of the pattern in the regions that the ith rule occupies

m
D;, = 1_[ Mii
i=1

where m is the number of inputs and p;; is the degree of membership
of measurement / in the fuzzy regions that the ith rule occupies.
Let D[T“" (C;) be the maximum matching degree of the rules (rules
Ji1=1,2,..., K;) generating class C;

K .
D}*™(C;) = max Dy
1=1
then the system will output class C,, provided that

D;“‘" (Cj) = mj';lx D;“‘" ((eN)]
If there are two or more classes that achieve the maximum matching
degree, we will select the class that has the largest number of fired
fuzzyrules. (A fired rule has a matching degree of greater than zero.)

Fault Isolation Problem
Having defined the basics of an FLS, we now formulate its use
for the helicopterrotor system fault isolation problem. A schematic
representation of the process of developing the fuzzy logic damage
detection algorithm is shown in Fig. 2.

Measurements
The vibration and blade response measurement deltas are assem-
bled into the following vector form:

z=1Av Aw Ap AF AM]T

where the rotor hub forces have three components correspondingto
the longitudinal, lateral, and vertical directions:

AF =|AF, AF, AF]"

The rotor hub moments have three components corresponding to
rolling, pitching, and yawing directions:

AM = |AM, AM, AM.|"

The measurement deltas represent the difference in measurements
between a damaged and undamaged rotor. Because the blade
response and hub loads are periodic about the rotor azimuth
(period=2m), a Fourier series representation is used to break the
response and hub loads into harmonic components. The first five
harmonics are found to be sufficient to representthe blade response.
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Fig. 2 Schematic representation of fuzzy logic damage detection
algorithm design process.

The first 10 harmonics are used to representthe hub loads to account
for higherharmonic contentcreated by the faulty rotor. For example,
the measurement deltas for lag deflection can be written as follows:

Av = [Avy Av. Avyy,  Avy  Avyg

Therefore, harmonicsof measurementdeltas constitutethe measure-
ment vector z and contain the needed informationabout the damage
condition of the rotor system in mathematical form.

Note that the hub loads AF and AM are not directly measured
on rotorcraft. Instead, vibrationlevels can be measured and A F' and
AM estimated from the vibration measurement. Recently, some
studies have been done on predicting oscillatory loads in the rotor
system from fixed system information. Cabell et al.>* developed a
neural network to predict oscillatory loads in the rotor system from
fixed system loads. For example, the pitch-link load is estimated by
the neural network from roll, pitch, and yaw rates; airspeed; and
other fixed system information measured by a flight-control com-
puter on the helicopter. Actual flight loads data from an AH-64A
helicopterwere used to demonstratethe process. The predictedloads
agreed well with measured data. Azzam®* developeda learning net-
work to predict damage in helicopter rotor from flight parameters.
The network predicted the fatigue damage of two rotating compo-
nents indirectly from the flight parameters with accuracy better than
a strain gauge system and with a measurement error of 5%.

Measurements in rotating structures are inherently more difficult
than those of nonrotating ones.*> However, optical blade tracking
devices with day and night capability that are part of some com-
mercial HUMS can measure relative height and lead-lag deflection
differencesbetween the blades . The blade trackers can be mounted
on a helicopter nose or fuselage, oriented upward toward the under-
side of the rotating hub. The optical tracker views the blade through
a window of discrete time and operateson the principlethata higher
flying blade will remain in the field of view longer than a lower fly-
ing blade. Such track measurements are averaged over a series of
measurements to account for variationsin blade movements related
to wind gusts, control movements, etc.

Measuring rotational degrees of freedom such as tip torsion re-
sponse is difficult. However, motivated by the fact that measuring
rotational degrees of freedomcan help machinery diagnostics,some
work using laser Doppler vibrometer (LDV) has been done %"
LDV has been developed for noncontact measurement of the tor-
sion oscillation of rotating shafts.

Input and Output

Inputs to the FLS are measurement deltas, and outputs are rotor
system faults. We have measurement deltas represented by vector z
and six rotor system faults representedby vector x. The objectiveis
to find a functional mapping between z and x, so that we can find x
if z is given. Mathematically, this can be represented as a nonlinear
function

x = Y(z)

where x = {moisture absorption, loss of trim mass, damaged lag
damper, damaged flap, damaged pitch-control system, misadjusted
pitch link}” and z={Av, Aw, A¢, AF, AM}T. Each measure-
ment delta component is composed of several harmonics and has
uncertainty.

Fuzzification

Here, moisture absorption, loss of trim mass, damaged lag
damper, damaged flap, damaged pitch-control system, and misad-
justed pitch link are fuzzy sets denoting the six rotor system faults
considered in this study. Each fuzzy set has degrees of membership
ranging from zero to one. In this paper, we are only interested in the
most likely fault class and not in its magnitude. Therefore, we do
not furtherdecompose the fault fuzzy sets using linguistic variables.

The measurement deltas Av, Aw, A¢p, AF, and AM are also
treated as fuzzy variables. To get a high degree of resolution, they
are further split into linguistic variables. For example, consider

Av3c Av3s Av4c Av4s AUSC AvSsJ r

Av as a linguistic variable. It can be decomposed into a set of
terms

T (Av)
= {significant—, moderate—, negligible, moderate+, significant+}

where each term in 7' (Av) is characterized by a fuzzy set in the
universe of discourse U (Av) ={—0.0254 m, 0.0254 m}, which is
selected to include values in the vicinity of the simulated results.

The other five measurement deltas are defined using the same
set of terms as Av, spanning the following universes of discourse:
U(Aw) ={—0.0254 m, 0.0254 m}; U(A¢)={—1 deg, 1 deg};
U(AF)={-2224.11 N, 2224.11 N}, U(AM)={-903.88 N - m,
903.88 N - m}. The universe of discourse is sufficiently large to ac-
count for most faults, but leaves out catastrophic faults.

Fuzzy sets with Gaussian membership functions are used. These
fuzzy sets can be defined using the following equation:

() = exp{—0.5[(x —m)/oT’}
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Table2 Gaussian fuzzy sets for measurement deltas 1.2
Midpoint 1.0 . ] 7
4 A
Variation v, w, m ¢, deg F,N M,N-m // \ P /
0.8 : - + — ... N
Significant— (S7) —0.01588 —0.625 —1890.49 —734.40 (AF) / \ ; \ ! \ II M
Moderate— (M™) —0.00953 —0.375 —1134.30 —423.69 H 0.6 v L \‘ oo
Negligible (N) 0 0 0 0 : / \ N II‘ ——- M+
Moderate+ (M™) 0.00953 0.375 1134.30 423.69 4 / \ ! L ;0 — - =S+
Significant+ (ST) 0.01588 0.625 1890.49 734.40 0. / \\ -,." / \ —S-
! I\ /I N \
02 7 ,-" \ J X
12 S/ SN ‘/ )
0.0 I T = T
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7\ ) / \ B
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( AV) \:’ \‘\ / \ ----M- Fig. 5 Fuzzy sets representing changes in hub forces between
M 0.6 / \ " / e M undamaged and damaged rotor as N, negligible; M, moderate; and S,
' ! | \ S+ significant.
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Fig. 3 Fuzzy sets representing changes in tip flap and lag response ! \ ‘\ / / Y S+
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Fig.4 Fuzzy sets representing changes in tip torsion response between

undamaged and damaged blade as N, negligible; M, moderate; and S,
significant.

0.2

where m is the midpoint of the fuzzy set and ¢ is the uncertainty
(standard deviation) associated with the variable. Table 2 gives the
linguistic measure associated with each fuzzy set and the midpoint
of the set for each measurement delta. The midpoints are selected
to span the region ranging from a healthy helicopter rotor (all mea-
surement deltas are zero) to one with significant damage. The fuzzy
sets closely follow the hard limits for rotor system response shown
in Table 1 and represent fuzzified equivalents of the measures in
Table 1.

The fuzzy set corresponding to significant is defined slightly

differently to account for the open-ended nature of the linguistic
variable:

() = exp{—0.5[(x —m)/a T}
pe) =1

myy_ <xORx <myy,

Mmypgy <x ORX <myy_

Here myy, represents the midpoint corresponding to fuzzy set
V H+. The standard deviations for Av, Aw, A¢, AF, and AM
are 0.003175m, 0.003175m, 0.125deg,378.1 N, and 169.48 N - m,
respectively. These standard deviations are obtained by numerical
experimentationand allow sufficient overlap between the fuzzy sets.
They are also sufficiently large to allow for high levels of uncer-
tainty. Figures 3—6 show the membership functions for each of the

five fuzzy sets for blade response, hub forces, and hub moments,
respectively.

Rules and Fault Isolation

Automatically acquiring knowledge from numerical data for
fuzzy systems has been the focus of much interest in recent years
and is used for this study.***! Rules for the fuzzy system are
obtained by fuzzification of the numerical values obtained from
the mathematical model of the rotor system using the following
procedure:

1) A set of measurement deltas corresponding to a given rotor
system fault is input to the FLS, and the degree of membership of
the elements of Av, Aw, A¢, AF, and AM in each fuzzy set are
obtained. Therefore, each measurement componenthas five degrees
of memberships based on the linguistic measures in Table 2.

2) Each measurement delta is then assigned to the fuzzy set with
the maximum degree of membership.

3) One rule is obtained for each rotor system fault by relating
the measurement deltas with maximum degree of membership to a
fault.

The fuzzy rules are tabulated in Table 3 for a helicopter rotor
with properties shown in Table 4. The results are obtained in steady,
level flight for a normalized rotor thrust coefficient Cr /o = 0.0726
and a rotor forward speed of ;« =0.3. The numbers in the Table 3
stand for the harmonic component of the measurement delta. For
example, moisture absorption causes a significant decrease in the
steady flap deflection harmonic (0-S—) and a moderate decrease
in the first flap deflection harmonic (1-M—). As another example,
the damaged pitch-control system causes a significant increase in
the first harmonic of the vertical hub force (1-S+) and a moderate
increase in the second and third harmonic of the vertical hub force.
The rules shown in Table 3 are used to construct an expert system

and a fuzzy system. It is found that, for this particular application,
the rules for the expert system and the fuzzy system are the same
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Table 3 Rules for fuzzy system and expert system
Fault Av Aw A¢ AF, AF, AF. AM, AM, AM.
Moisture 0-S+  0-S— N 1-S+ 1-S+ 1-M+ N N 5-M+
absorption —_— 1-M- —_— —_— —_— —_— —_— —_— —_—
Loss of trim mass N N N 1-S+ 1-S+ N N N N
Misadjusted 0-M+  0-S— N 4-M— N 1-M+ 0-S+ 1-M+ 0-S+
pitch link - M+ — @ — — —  1-M+ 4L+ 4S5+
Damaged flap N 0-S— 3-M+ N N 1-M+ 0-S+ 4-S+ 0-S+
_ IS+ - — S S —  — 4S8+
Damaged 0-M+ 0-S— 3-M+ 1-S+ 1-S+ 1-S+ 1-S+ 1-S+ 5-S+
pitch-control I-M+ — —  5-6-M+ 5-6-M+ 2-3-M+  0-2-6— 6-M+ 0-6-M+
system 3-M+  — e e e e M+ e e
Damaged N 0-M—  3-M+ 1-S+ 1-S+ 1-2-M+  4-M— N 5-S+
lag damper —_— 1-3— —_— —_— 5-M+ —_— —_— —_— —_—
- M-+ - N - - - N -
Table4 Helicopter properties Noisy data are obtained for 1000 points for each of the six im-
planted faults. In each case, when the FLS is presented with the
Property Value . .. .
noisy data, it gives the most likely fault as output. The successrate
Rotor radius, m 8.17 is 100% for all of the six faults consideredin this study, as shown in
Flap and lag hinge offset, m 0.381 Table 5. This 100% success rate comes with fairly high levels of un-
Number of blades 4 certainty in the data (6 = 0y). To test the robustness of the FLS, the
Blade chord. m 0.5273 uncertainty in the data is further increased beyond oy. As the noise
Linear aerodynamic twist, deg —18 . .. . .
c, 6.0 level in the data is increased beyonq 0y, the fa}ult 1sola.t10n success
ch 0.0024 0.2 &2 rate gradually falls. However, even with a40% increasein the uncer-
Ch 0.0 tainty, the fault isolation accuracy is about 90%. The ability of the
Lock number 8 FLS to give good results under high levels of uncertainty in the data
Solidity 0.0826 comes from the generalizing capability of fuzzy systems obtained
Blade attachment point, m 1.0541 by the overlap in the fuzzy sets for the measurements (Figs. 3-6).
Rotor tip speed, m/s 220.98 In addition, the fuzzy system have a fuzzifier at the front end that
Helicopter weight, kg 7484.27 acts as a noise filter, whereas neural networks have to learn about
Blade mass, kg 106.59

becauseofthe closerelationshipbetween the two. The expertsystem
is a variation of the fuzzy system with the fuzzy sets replaced by
crisp sets defined in Table 1. Results for the fuzzy system and the
expert system are compared and discussed later in the paper.

For any given input set of measurement deltas, the fuzzy rules
are applied using the product inference engine. The output sets are
crisp sets representing the six rotor system faults. Once the fuzzy
rules are applied, we have degrees of membership for each fault.
For fault isolation, we are interested in the most likely fault, which
is obtained by maximum matching defuzzification.

Results and Discussion

For numerical results, a four-bladed nonuniform articulated ro-
tor with properties similar to an SH-60 helicopter is selected
(Table 4). The rotor is modeled using 13 spatial finite elements
alongthebladespan. Six time finite elements with fourth-ordershape
functionsare used along the azimuth to calculate the blade response.
Selected validation of rotor component loads using this simulation
for a baseline configuration is provided in Ref. 13.

Effect of Random Noise

For testing the FLS, numerical data are obtained from the math-
ematical model and contaminated with noise. Uncertainty is intro-
duced using the standard deviation o. The noisy data are generated
as follows:

Znoisy = Zideal + o (rand — 0.5)

where rand is arandom number between 0 and 1 and z;4, is the ideal
input measurement vector obtained from the mathematical model.
The baseline standard deviations oy for Av, Aw, A¢, AF,and AM
are 0.003175m, 0.003175m, 0.125deg,378.1 N, and 169.48 N - m,
respectively.Here, oy representsthe baseline uncertainty used to de-
fine the fuzzy sets and create noisy data. These standard deviations
are selected to be relatively high to account for the high degree of
uncertainty in rotor system measurements and models. The simu-
lated noisy measurement deltas are, therefore, representative of a
real rotor.

the noise statistics of the data from extensive training 2*

In sharp contrast, the rule-based expert system (ES) performs
very poorly with noisy data. As shown in Table 6, the ES has a
zero success rate with noisy data (o = oy). If the noise in the data
is decreased, the fault isolation accuracy of the ES increases. At
very low noise levels and with noise-free data, the ES gives a fault
isolation success rate of 100%. It can be concluded that the FLS is
far superior to the ES for noisy data that are representative of a real
helicopter rotor.

Effect of Systematic Noise and Random Noise

The preceding results used additive random noise. Besides ran-
dom noise, there is the problem of systematic noise that can occur
because of errors in the mathematical model. We thus define the
noisy signal as

Znoisy = Zideal + U(rand — 05) +6

For numerical results, we assume that the blade tip response delta
and the rotor hub load delta are under predicted by 10%, implying
that 6p = —0.10Z;4ca1. The results for this case are shown in Table 7.
The average success rate with systematic noise added to random
noise has fallen to 89%. However, we see that the fuzzy system is
still quite robust and shows graded degradation in the presence of
systematic noise.

Subsets of Measurement Deltas

The measurementdeltas include blade response, hub forces, and
hub moments. To test the robustness of the fault detectionapproach,
the FLS is tested using information about 1) only blade tip response
2) only hub forces, and 3) only hub moments. In each of these
three cases, the fuzzy rules remain the same as shown in Table 3,
except that a smaller subset of rules corresponding to the available
measurement deltas is used. Results show a high success rate for
the FLS, even with the limited measurements, as shown in Table 8.
The average success rate of fault isolation with only blade response
measurements is 93%, with only hub forces is 89%, and with only
hub moments is 90%. Thus, the FLS could compensate for limited
sensor failure in case all of the response and load measurements
are used for health monitoring. However, it is clear that blade tip
response is the best measurement choice for rotor fault detection,
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Table 5 Fuzzy system fault isolation success rate (percent) with increasing level
of random noise

Fault o =0y o=1.10g o=1.209p o =1.30¢ o = 1.40¢
Moisture absorption 100 98 97 94 89
Loss of trim mass 100 97 95 92 90
Misadjusted pitch link 100 99 97 95 92
Damaged flap 100 98 97 95 93
Damaged pitch-control system 100 100 97 95 91
Damaged lag damper 100 98 97 93 88
Average success rate 100 98 97 94 90

Table 6 Expert system fault isolation success rate (percent) with increasing level
of random noise

Fault o=0 o =0.209 o =0.409 o =0.60 o =0.80

Moisture absorption 100 100 47 20 0

Loss of trim mass 100 100 92 40 0

Misadjusted pitch-link 100 71 46 12 0

Damaged flap 100 100 67 16 0

Damaged pitch-control system 100 68 54 15 0

Damaged lag damper 100 100 45 15 0

Average success rate 100 90 59 20 0

Table 7 Fuzzy system fault isolation Table 9 Fuzzy system fault isolation success rate (percent)
success rate (percent) with systematic at off-design conditions (o = o)
and random noise (o = o) - -
—25% from  +25% from

Fault 6 =06 Fault Baseline baseline baseline
Moisture absorption 90 Moisture absorption 100 93 95
Loss of trim mass 88 Loss of trim mass 100 92 91
Misadjusted pitch link 87 Misadjusted pitch link 100 93 95
Damaged flap 91 Damaged flap 100 97 90
Damaged pitch-control system 91 Damaged pitch-control system 100 93 93
Damaged lag damper 86 Damaged lag damper 100 91 97
Average success rate 89 Average success rate 100 93 93

Table 8 Fuzzy system fault isolation success rate (percent)
with reduced measurements (o = o)

Response  Hub forces Hub moments
Fault All only only only
Moisture absorption 100 96 91 90
Loss of trim mass 100 94 89 92
Misadjusted pitch link 100 93 88 91
Damaged flap 100 92 91 88
Damaged pitch-control 100 92 90 87
system
Damaged lag damper 100 94 88 90
Average success rate 100 93 89 90

followed by hub forces and hub moments. Using all measurements
gives the best fault detection results.

Off-Design Condition

Table 9 shows test results with noisy simulated data for faults that
are 25% larger and 25% smaller than those used to derive the rules
of the FLS. The average success rate of the FLS falls from 100 to
about 93% in both of these cases. Because this result is obtained
with noisy data, it can be said that the FLS is robust with respect
to changes in fault size. If the fault models selected in this study
are representative of real rotor faults, then the FLS developed in
this study can give accurate results for highly noisy data. Faults
much smaller than the seeded faults may be too small to detect
from changes in global system behavior. Faults much larger than
the seeded faults may resultin catastrophic failure.

Closing Remarks

The preceding results clearly show that the FLS performs very
well for rotor system fault detectionin the highly noisy environment
of the helicopterrotor. Also note that neural networks share the uni-
versal approximationcapability with fuzzy systems®’ and, therefore,
a properly designed and trained neural network would have given

good results for the preceding cases also, as shown in Refs. 17 and
18. However, the fuzzy system offers the following advantagesover
the neural networks: 1) easy-to-interpretrules, 2) built-in noise fil-
tering through the fuzzifier, and 3) low training time. Fuzzy systems
are also able to give linguistic outputs rather than numbers that can
be directly shown to a human engineer or pilot. Therefore, fuzzy
systems are a powerful tool for diagnostics applications.

Some approximations were made in this study that need to be
addressed in future work. One is the issue of isolating faults that
do not form a part of the training set for the FLS. Another is a
comparison of the FLS and neural network for the same test bed,
that is, with the same faults, measurements, and noise levels in data.

Conclusions

An FLS is developed for helicopter rotor system diagnostics. It
takes measurement deviations from a baseline model of a good un-
damaged rotor and isolates the rotor system fault. The FLS operates
with five basic measurements (blade tip flap bending, lag bending,
torsion response, hub forces, and hub moments) and analyzes six
faults (moisture absorption, loss of trim mass, misadjusted pitch
link, damaged pitch-control system, damaged flap, and damaged
lag damper). Each measurementis split into harmonic components.
The rules for the FLS are obtained from an aeroelastic analysis of
the damaged helicopter rotor with dissimilar blades and are based
on finite elements in space and time.

Noise is added to the numerical output of the mathematical model
to generate realistic test data to simulate the highly noisy rotor en-
vironment. The following conclusions are drawn from this study:

1) Numerical results show that the FLS has a success rate of 90—
100% in isolating the rotor faults, even under very high levels of
uncertainty.

2) The FLS alsoyields good results, with an 85-95% successrate,
with a limited suite of measurements involving monitoring only the
blade tip response, or the hub forces, or the hub moments. The FLS
is, therefore, robust in the case of selected sensor failure. It is found
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that blade tip response s a better measurement suite than hub forces
or hub moments for fault isolation. The best results, however, are
obtained when all measurements are used.

3) Even when the test fault sizes deviate considerably from the
seeded faults used to develop the fuzzy rules, the FLS is able to give
accurate results with fault isolation accuracy of over 90%.

4) An ES based on decision rules performs much more poorly
than the FLS in fault detection in the presence of noise, with almost
zero successrates at high noise levels. In contrast, the FLS was able
to give 100% isolation accuracy.
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