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Table 2 Miss distance comparison for systems with and without
radome slope compensation

Ry, Method? A3z =2.0s,m A3 =3.0s,m A3 =40s,m
0.02 X 0.95 1.63 221
I 0.10 0.15 0.21
I 0.71 1.06 1.53
0.04 X 143 2.73 4.39
I 0.16 0.21 0.33
11 0.98 142 2.28
0.06 X 1.68 4.54 7.59
1 0.19 0.36 0.61
I 1.23 2.14 3.57

4X = without compensation, I = with compensation in seeker’s tracking loop, Il =
with compensation in guidance loop.

in Table 2 for comparison. It can be seen that the performance of
this compensation method is good only for smaller values of radome
slope or turning rate time constant. The reason for the degraded per-
formance is that there is additional seeker dynamic lag with the body
rate coupling signal of the second method; thus the phase difference
between the coupled body rate and the compensating signal is larger
than that of the first method, and the uncompensated body rate cou-
pling signal will degrade the performance. However, the advantage
of the second method is that it is very easy to be realized and can be
applied if the value of radome slope or turning rate time constant is
not too large.

Conclusion

This Note presents two methods of radome slope compensation
with multiple-model Kalman filters and a semi-Markov Bayesian
estimation technique. The semi-Markov transition property among
the models of radome slope is very practical and can save compu-
tation time and memory size. By weighting those model parameter
values with the associated a posteriori probabilities, one can esti-
mate the radome slope and design the compensator in the seeker’s
tracking loop or in the guidance loop. Various simulations have been
given to show that the guidance performances of the system can be
improved, and the method of compensation in the seeker’s tracking
loop is better. However, it is easier to implement the compensator
in the guidance loop. Therefore, one should trade off these two
methods for practical consideration.

References

INesline, F. W., and Zarchan, P., “Missile Guidance Design Trade-offs for
High Altitude Air Defense,” Journal of Guidance, Control, and Dynamics,
Vol. 6, 1983, pp. 207-212.

2Nesline, E W., and Zarchan, P., “Radome Induced Miss Distance in Aero-
dynamically Controlled Homing Missiles,” Proceedings of AIAA Guidance
and Control Conference, AIAA, Washington, DC, 1984, pp. 99-115.

3Garnell, P, and East, D. J., Guided Weapon Control Systems, Pergamon,
New York, 1977.

4Nesline, F. W., and Zarchan, P., “Wing Size vs Radome Compensation in
Aerodynamically Controlled Radar Homing Missiles,” Journal of Guidance,
Control, and Dynamics, Vol. 9, 1986, pp. 645-649.

5Nesline, F. W, and Zarchan, P., “Miss Distance Dynamics in Homing
Missiles,” Proceedings of AIAA Guidance and Control Conference, AIAA,
Washington, DC, 1984, pp. 84-98.

6Stengel, R. F., Stochastic Optimal Control, Theory and Application, Wi-
ley, New York, 1986.

TXramer, S. C., and Sorenson, H. W., “Bayesian Parameter Estimation,”
IEEE Transactions on Automatic Control, Vol. AC-33, No. 2, 1988, pp.
217-222.

8Moose, R.L.,and Wang, P. P, “An Adaptive Estimation with Learning for
a Plant Containing Semi-Markov Switching Parameter,” IEEE Transactions
on Syst.-Man, Cybern, Vol. SMC-3, 1973, pp. 277-281.

9Moose, R.L., and Wang, P. P, “An Adaptive State Estimation Solution
to the Maneuvering Target Problem,” Transactions on Automatic Control,
Vol. AC-20, 1975, pp. 359-362.

l“Chzmg, C. B., and Athans, M., “State Estimation for Discrete Systems
with Switching Parameters,” Transactions on Aerospace Electronic Systems,
Vol. AES-14, 1978, pp. 418-427.

""Howard, R. A., “System Analysis of Semi-Markov Process,” IEEE
Transactions on Military Electronics, Vol. Mil-8, 1964, pp. 114-124.

ENGINEERING NOTES

12Yueh, W. R, “Adaptive Estimation Scheme for Radome Error Calibra-
tion,” Proceedings of IEEE 22nd CDC Conference, Inst. of Electrical and
Electronics Engineers, 1983, pp. 546-551.

13Yueh, W. R, and Lin, C. F, “Bank-to-Turn Guidance Performance,
Analysis with In-Flight Radome Error Compensation,” Proceedings of AIAA
Guidance and Control Conference, AIAA, Washington, DC, 1984, pp. 715-
722.

14Nesline, E. W, “Missile Guidance for Low-Altitude Air Defense,” Jour-
nal of Guidance and Control, Vol. 2, 1979, pp. 283-289.

Sensor Fault Detection and
Diagnosis for a T700
Turboshaft Engine

Jonathan Litt*
NASA Lewis Research Center, Cleveland, Ohio 44135
Mehmet Kurtkaya'
Oyak Renault Automobile Company, Bursa, Turkey
and
Ahmet Duyar*
Florida Atlantic University, Boca Raton, Florida 33431

Introduction

PROPOSED intelligent control system (ICS) contains a sensor

fault detection, isolation, and accommodation scheme.! If the
differences between the estimated and sensed system outputs exceed
some threshold values, fault detection logic will initiate a parameter
estimation algorithm which determines the type and magnitude of
the failure. This is achieved through the use of fault parameters,
variables defined to convert the model from that of the unimpaired
system to that of an impaired one. Once the fault is isolated, the
control system will accommodate it, if possible.” This Note dis-
cusses the technique used for detecting, isolating, and identifying the
fault.

The test bed for this research is the T700 turboshaft engine. In
the simplified model used here there is one input, fuel flow W, and
four measured variables, gas generator speed N,, interturbine gas
temperature 7Tys, interturbine gas pressure Pys, and power turbine
torque output Qpr. Should any of the sensors fail, the engine would
appear to be malfunctioning and, if the faulty measurement were
fed back through the control system, the engine would operate off
the design point.

Sensor Fault Detection and Isolation

The sensor fault detection and isolation scheme is developed using
a fault model. Initially a simplified linear perturbation model was
developed which switches between several point models for full
envelope coverage.3 The simplified model at an operating point is
of the standard form

x(k+ 1) = Ax(k) + Bu(k)

M
y(k)y = Cx (k)
The variables in these point models are all normalized with their zero
values corresponding to the operating point. It is assumed that the
(A, B, C) realization of the system is in «-canonical form,* which
gives the model certain properties desirable for fault detection.
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The sensor fault model is built on top of Eq. (1) in the form

x(k+ 1) = Ax(k) 4+ Bu(k)

2
yo (k) = F,Cx (k) + fo
where y; (k) is the set of normalized sensor readings at time k. In the
unimpaired case, F; is the identity matrix and fjo is the zero vector,
thus reducing Eq. (2) to Eq. (1). The diagonal matrix F, accounts
for changes in sensor gain whereas a nonzero fio represents bias
eITors.

A nonlinear simulation of the T700 turboshaft engine and load®
was used to represent the engine. The time step used is 0.060 s.

Past controller outputs as well as the sensor readings are fed
through the fault detection model described by Eq. (2), and the re-
sulting estimate of the set of sensed variables is compared to those
received from the simulation at the current time step. The differ-
ences, or residuals, are checked against threshold values which,
when exceeded, activate the fault detection scheme.

The fault detection scheme contains models appropriate for each
type of failure, i.e., actuator, component, and sensor. Just as the
sensor fault parameters are associated with the C matrix as shown
in Eq. (2), the actuator fault parameters are associated with the B
matrix and the component fault parameters are associated with the
A matrix.! When the residual exceeds the activation threshold, an
on-line parameter estimation scheme is initiated which calculates
the fault parameters, F, and fi; in the sensor case.

It is important to run the parameter estimation scheme using data
from the impaired system so that the results are not skewed by
prefailure information. Therefore, the parameter estimation module
begins collecting data to use only after the activation threshold is ex-
ceeded. A recursive least squares technique with a forgetting factor
of 0.98 is used to compute the value of the fault parameters. As long
as the fault occurs suddenly, it appears as a step change in the resid-
uals. Thus, for the short time it takes to perform the identification,
the measurement signals are rich enough to allow for accurate esti-
mation. The models of the actuator, component, and sensor failures
are developed in parallel, and the three sets of fault parameters are
computed simultaneously in the ICS.

At each time step, the resulting fault parameters are passed to
the hypothesis testing module which determines from the identified
parameters which fault occurred. It assumes that only one failure oc-
curs at a time. The result is checked by confirming that the selected
model using the identified fault parameters produces a smaller sum
of the squared errors (residuals) over a finite time than do the other
estimated models using their fault-parameters. In this case a mov-
ing window of five data points was used for summing the squares
of the residuals before comparing the models, resulting in a delay
of at least 0.3 s (5 samples x 0.060 s/sample) before the fault is
isolated and its magnitude estimated. This data length was exper-
imentally determined to produce reliable results in relatively few
samples.

Results

Testing was performed at the 96% power level. There was no
noise present in the system. For the first case, a sensor bias of
1.8% of nominal was introduced to the nonlinear simulation’s N,
sensor’s output at about 0.0 s. As soon as the bias was added,
the corrupted signal disrupted all of the other output variables.
The fault parameters corresponding to the multiplicative sensor
gain F, converged immediately to their correct values of 1.0 as
determined through recursive least squares, indicating no sen-
sor gain failure. Figure 1 shows the bias estimates f,,. The bias
estimate for the N, sensor converged to approximately 0.018
whereas the other bias values stayed near zero. The slight error
in the Pys bias is attributed to modeling error in the linear point
model.

For the second case, the original unity gain of the N, sensor
was scaled by a factor of 0.1 at about 0.0 s. Figure 2 shows the
multiplicative gain fault parameters as determined by the recursive
least squares technique from past data. It takes significantly longer
to converge than the previous example did but eventually the pa-
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Fig. 1 Bias fault parameters for a 1.8% bias error in N, sensor.
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Fig.2 Multiplicative fault parameters for a 0.1 multiplicative error in
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Fig.3 Bias fault parameters for a 0.1 multiplicative error in N, sensor.

rameter corresponding to the N, sensor’s gain converges to about
0.1 whereas the other three hover near 1.0. Figure 3 displays the
estimated values of the bias parameters, which, after some initial
hunting, converge to approximately 0.0.

Conclusions
A scheme to detect, isolate, identify and estimate the type and
magnitude of sensor faults in a T700 turboshaft engine has been
developed and demonstrated. The injection of a fault caused the
residual to exceed the threshold value and trigger the identification
scheme. Once running, the scheme produced accurate results rea-
sonably quickly. The identified fault parameters can be used in the
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state equation by an ICS to eliminate the bias or cancel the incor-
rect gain, thereby accommodating the sensor faults and allowing the
closed-loop system to run as if unimpaired.

Several issues remain to be investigated once noise is included in
the system: the effect on threshold values against which residuals
are compared, the ability of an appropriate parameter identification
technique to provide bias-free estimates, and the minimum number
of samples included in the moving window for convergence of the
estimates.
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On-Line Robust Stabilizer
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1. Introduction

HIS Note presents an adaptive robust discrete solution for a
stabilization problem. As an application of this solution, a sta-
bility augmentation system (SAS) for an aircraft is presented.

The general scheme of this system is given in Fig. 1. Throughout
this Note two hypotheses are assumed: 1) full information about
the state of the system (y,= x,) and 2) that the identification block
gives the best fit of the linearized time-varying nonlinear system
(i.e., xpr1 = Arxy + Bruy) (see, e.g., Ref. 1).

The sample time of the control loop is much less than that of the
identification and optimization loop. This allows on-line identifica-
tion and optimization procedures.

A convenient criterion to be optimized is sought such that the
control u#; will be given by a linear state feedback: u, = Fyx;. This
criterion will include two terms: one involving the performance
requirements and the other involving the stability robustness:

Cpr =ACp +Cp
where A is a weighting parameter.

II. Optimization Problem

The feedback matrix Fj, will be given by a Riccati equation, but
instead of a classical discrete algebraic Riccati equation (DARE),
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Fig.1 General scheme.

a modified DARE will be used such that the eigenvalues of the
stable closed-loop matrix are to be within some disk included in the
unit disk (according to Ref. 2 this is called the D-pole assignment
problem). Let us consider the disk D (e, r) of center & and radius r in
the complex plane such that « is a real number and |o|+r < 1[i.e,,
D(a, r) € D(0, 1)]. In order to state the criterion, the following
DARE is considered:

ATK A, — K, — AT KBy (R + BkTKkBk)_I
x B KeAy +0 =0 e

where Ay = (A; — al)/r is the modified A matrix and Q, R > 0
are positive matrices related to the quadratic cost:

I=Y" (xI Qux; +ul Ru)) )
jizk
with

~ ~ -1
O« = O + A] Ky Ay — A{ KA + A] KiBo(R + By Ky By)

x B Ky Ar — AT Ky Be(R + BT KiB) ™ BT Ki A 3)

and the linear dynamics x;.; = Agx; + Byuj, j = k.
It is known that there exists a unique stabilizable solution K; =
KT > 00of Eq. (1).* Let us set

Fo = —r(R+ BT K.B.) ™ B Kiy @
and
Ask = Ay + B Fy, ®)
Since A (Ax + BiFi/r) C D(0, 1), one can obtain
A(Asx) C D(e, 1) 6)

where A(-) denotes the eigenvalues set of the matrix.
Now the criterion to be minimized can be stated as follows:
Performance part:

Cp = xi Kixi )
Stability robustness part:
Cr = x{ AL Avumi = | Agaxil)? ®

The first part of the criterion is related to the quadratic cost (2) of
the dynamics and the matrices 0 and R are chosen to fulfil the
performance requirements.

The second part gives an oo-norm bound along the trajec-
tory: the goal is to minimize not the H,,-norm of A, (which is
maxer=1 J|A,x[|) but just the [[A,x|| along the trajectory; since it is
not known a priori the trajectory, in an on-line solution only || A.x ||
with x taken to be the actual state (x = x;) is to be minimized.
The form of Cy is suggested by the constrained stability measure
introduced in Ref. 4, taking for G the real trajectory of our system
and also P = I in the formula (17) of the cited paper.



