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Adaptive Estimation of Aircraft Flight Parameters
for Engine Health Monitoring System

Li-Farn Yang¤ and Irina Ioachim†

Delta Air Lines, Atlanta, Georgia 30354-1801

An adaptive control approach to the implementation of on-line estimation of aircraft � ight parameters for the
enginehealth monitoringsystem is presented. The adaptiveestimation system enables a fast reliable data prediction
to replicate the missing or misleading data caused by malfunctions in the sensors or communication links, thereby
compensating for the de� ciency of data that can trigger fault diagnoses of engine health. The estimation method
features the integration of an autoregression model and a self-tuning adaptation algorithm for one-step-ahead
estimation, in which the manufacturer’s baseline values are used as an input in conjunction with an adaptive input
adjusted to minimize the estimate error deviated from the snapshot data taken from satellites. The entire system is
implemented through the parameter identi� cation and optimization in an attempt to minimize the estimate error.
Stability of this adaptive estimation system is investigated, and discrete-time simulations of in-� ight parameter
estimation will also be presented to show the effectiveness of the present approach.

I. Introduction

A N engineconditionmonitoring(ECM)1 systemis used at Delta
Air Lines to monitor the aircraft engine conditions of various

Delta � eets when cruising in air. The ECM program was origi-
nally developed by Pratt and Whitney to compare each aircraft’s
engine condition to baseline values for the � ight parameters of fuel
� ow (FF), exhaustgas temperature (EGT), low-pressurerotor speed
(N1), high-pressurerotor speed (N2), enginepressureratio,airborne
vibrations,oil pressure,and temperature,etc. These in-� ight param-
eters are referredto as enginehealth readingstakenat the data points
under the cruisingconditionwherein the Mach, altitude,and outside
air temperature are held steady long enough to take a snapshot of
� ight data. The snapshot is automatically taken by an aircraft com-
munications addressing and reporting system (ACARS)1 installed
onboard. The baseline values are supplied by the engine manufac-
turers, which have been calibrated to � t various � eet-engine con-
� gurations in the pre� ight testing process. The deviation between
snapshots and baseline values demonstrates a trend curve that char-
acterizes the engine health under the cruising condition. Thus the
ECM system is able to trace the trend curves of FF, EGT, N1, and
N2 to monitor the engine condition, in which a watch-list program
has been developed to calculate the correlation coef� cients2 of 20
consecutive data from the sequential � ights in order to detect the
engine faults. If diagnosed to be malfunctioning, the engines will
be taken off the plane for maintenance.

The performance of the ECM system relies on the consistent
snapshot data downloaded from the ACARS system. However, the
data acquisition and transmission system might not work properly
so as to deteriorate the quality of � ight data. For instance, single
values or portions of the input-outputdata are missing as a result of
malfunctions in the sensors or communication links. On the other
hand, certain measured values are in obvious error as a result of the
measurement failures,which are so-calledoutliners.2 Above all, the
measured values are vulnerable to the outside disturbances caus-
ing the misleading data in reading. The effects considered herein
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on the ACARS system are all adverse and result in failure of trend
watch-listanalysisor even in unreliabilityof theECM system,which
normally requires the consecutive data in the sequential � ights to
assess the engine health. These problems can be resolved by means
of parameter estimation; however, some issues must be taken into
consideration in advance, such as the 1) estimation model must be
updated online along with the input-output data to adapt the vary-
ing characteristicsof � ight parametersunder the differentoperating
conditions, 2) estimate calculation has to be ef� cient to accom-
modate all Delta � eets prior to � ight operation, and 3) estimation
structure must remain unchanged for the different � eets, wherein
conventionalestimationmethoddoesnot seementirelyeffectiveand
satisfactory for such purposes. The objective of this paper is thus to
replicatethe missing or misleadingdata inherent in the ECM system
from the standpoint of adaptive estimation: in particular, an adap-
tive control algorithm3 incorporating an autoregression model2 is
considered.

This paper uses an adaptive estimation scheme intended to com-
pensate the de� ciency of � ight data for the ECM system enhance-
ment in monitoring the engine health condition. Included in the
closed-loop system is the integration of an autoregression model
and a self-tuning adaptation algorithm for one-step-ahead estima-
tion, in which the manufacturer’s baseline values are used as an
input in conjunction with an adaptive input automatically adjusted
to minimize the estimate error derivedfrom the subtractionbetween
the estimated and measured data taken from satellites. In this way
a � rst-order regression model is developed in the discrete-statefor-
mat for open-loop estimation, whereas the adaptive estimation is
implemented by an adaptive controller for closed-loop error com-
pensation. It is known4;5 that the adaptive control is very effective
in tracking and error regulation when there exists measurably un-
certain disturbancesacting on the system, which makes this method
well suited here to the online estimation problem against the un-
certainties upon the � ight parameters. Various estimation strategies
have been studied to achieve the adaptive capability for signal pro-
cessing.Some of themreviewedas referenceshereare Kalman � lter,
forgetting factor, recursive least squares, and least mean squares.2

The investigation of these papers was aimed at using different ap-
proaches to adapt the respective estimator adjustable to changes
in the signals so as to continuously strive to optimize the estimate
performance.As for comparison,a mean-square-� t equation6 is ap-
plied to calculate the estimate error between the estimated and mea-
sured traces for each approach considered in this paper. Stability
of overall estimation system is also analyzed to quantify the stable
margin of the adaptive estimation system developed in the present
paper.
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The outline of remainder of this paper follows. First, the deriva-
tion of an adaptive estimation algorithm is introduced for use in
conjunction with an autoregression model for the adaptive estima-
tion, following the stability analysis of this adaptive estimation sys-
tem. Then, the implementation of the adaptive estimation system is
detailed in conjunction with the parameter optimizationagainst the
estimate error. Finally, simulation results of adaptive estimation of
in-� ight parameters are presented for discussion.

II. Adaptive Estimation System
As just alluded to, the estimation system must be capable of han-

dling the in-� ight parameters for varying � eet-engine con� gura-
tions and be robust to the substantial uncertainties throughout the
ACARS system; therefore,an adaptationschemeseems particularly
well suited to serve for such estimation purposes. In the present pa-
per we make concurrent use of an adaptive control as well as an
autoregression estimation and assess its applicability to the adap-
tive estimation of the ECM system. An adaptive controller is thus
integrated with the merits of each particular estimator included.
First, it is known that the autoregression model is very effective in
estimating the measured output signal as long as the plant model
is of the linear least-squares architecture. Then, when system pa-
rameters vary along with uncertainties adding adaptation into the
autoregression model can enable the resulting system to deal with
the varying plant parameters such that the estimate error as a result
of � eet variations and uncertainties is greatly reduced.

A. Model Development

The developmentof the estimationnetworkand parameteradjust-
ment mechanism follows the adaptive control algorithm. Figure 1
shows a block diagram of the proposed adaptive estimation sys-
tem. As demonstrated in Fig. 1, the adaptive control is attributed to
the model-referencetype, which requires a reference model against
which system performance is measured. The reference model is a
relatively simple spreadsheet of baseline values that are automati-
cally calculated in the ECM system via a lookup table vs the vari-
ables of attitude, temperature,Mach, etc., when the ACARS system
takes a snapshot under the cruising condition. The purpose of the
baseline values is two-fold: 1) an input Ubase.t/ to the linear esti-
mator and 2) a reference input to the adaptive controller. In Fig. 1,
t stands for the current state in a discrete-time sequence; likewise,
.t ¡ 1/, the preceding state, and .t C 1/, the next state. Then, cor-
responding to the transient responses, the error e.t ¡ 1/ can be ob-
tained by de� ning e.t ¡ 1/ D y?.t ¡ 1/ ¡ y.t ¡ 1/, where y? and y
indicate the measuredand estimated outputs, respectively.The error

Fig. 1 Block diagram of an adaptive estimation system.

signal is regulated through the adaptive controller characterizedby
a variant adaptation law in compensating for � eet variations as well
as parameter uncertainties. A complete derivation of this adaptive
estimation synthesis is presented as follows.

Let us begin with the description of the autoregressionmodel in
the adaptive estimation system. The autoregression model is con-
structed by the state-variableequations in the discrete format, such
as

x.t C 1/ D Ax.t/ C Bu.t/; y.t/ D C x.t/ C Du.t/ (1)

in which x is the state variable, y the output estimate, u the in-
put variable, and [A; B; C; D] the state parameters. The values of
the state parameters will be determined through the system iden-
ti� cation process. As a consequence, four sets of values of state
parameterswill be identi� ed for the � ight parameters:FF, EGT, N1,
and N2, respectively. Then, the values of the state parameters are
� xed for use in Eq. (1) regardless of the effects of the � eet-engine
variations, which should be taken care of by an adaptive control as
introduced next. Moreover, for estimate ef� ciency we restrict the
regression system to the lowest � rst-order so as to avoid a sophisti-
cate adaptive design as required if a higher-order regression model
is employed in Eq. (1).

To facilitate an adaptive capability in the model as shown in
Eq. (1), we derive the input of the autoregression model into the
following equation:

u.t/ D Ubase.t/ C !y.t ¡ 1/ (2)

where the former is a lookuptable of baselinevaluesgeneratedfrom
ECM databaseand the latter denotesan adaptiveinput.The adaptive
input uses the just-estimated output multiplied by an adaptation
parameter. The adjustable parameter ! is adjusted for the adaptive
input through a � rst-order differential equation governed by

P! D ° y?.t ¡ 1/e.t ¡ 1/ (3)

where ° is a positive adaptation gain that is selected from stability
considerations to obtain the well-behaved and stable responses in
the adjusting mechanism. According to a Massachusetts Institute
of Technology (MIT) rule,3¡5 the adjustable parameter ! is � ne
tuned in the manner as shown in Eq. (3) to minimize a loss func-
tion speci� ed by J .!/ D 1

2
e2 , whereas the adaptation parameter is

instantaneouslychanged in the direction opposite to the gradient of
the loss function. Based on a MIT rule for adaptive control, the sen-
sitivity of the error signalwith respect to the adaptationparameter is
given by @e=@! D ¡y?, which contributes to the formulation of the
right-hand side of Eq. (3). In this way ! is driven by the error signal
in the negative gradientdirection through the � rst-orderdifferential
equation.

To mechanize this adaptive estimation algorithm, one must solve
the differential equation (3) by the discrete integrator6 with a � xed
sample time of unity so as to be consistentwith the discrete integra-
tion in Eq. (1). The value of ! is then multiplied with the preceding
estimate, and the resultingproduct yields an adaptive input added to
the current baseline input in Eq. (2). Given the input, the � rst-order
difference equation (1) updates the next state value while comput-
ing the current estimate output. Then, the estimate output is set
one step backward into the adaptive controller for the next discrete
integration of Eqs. (1) and (3) in the closed-loop system. Overall
estimation system is implemented according to the � ight data of a
majority � eet at Delta Air Lines, which will be the topics in the next
section.

B. Stability Analysis

The stabilityof the proposed adaptiveestimation system is inves-
tigated using a continuous-timemodel derived from Eqs. (1) and (3)
under the criteria of asymptotic stability theory.3;7 We consider the
adaptive input in Eq. (2) for stability analysis and modify the in-
put to be u D !y, where the adaptation parameter is updated by
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P! D ° y?.y? ¡ y/. Thereby, the state variable equation (1) becomes

Px D Ax C Bu D Ax C B!.Cx C Du/

D Ax C BC!x C B D!2 y D ¢ ¢ ¢

D

"
A C BC!

n C 1X

i D 1

.D!/i ¡ 1

#
x C B Dn C 1!n C 2 y (4)

when one repeatedly substitutes the input and output variables by
u D !y and y D C x C Du, respectively.Now, if n ! 1, kD!k < 1,
and kBk is � nite, Eq. (4) yields

Px D [A C BC!=.1 ¡ D!/]x (5)

which indicates that such a state-variable equation is asymptot-
ically stable if and only if the eigenvalue is negative, implying
[A C BC!=.1 ¡ D!/] < 0 providedthat kD!k < 1. As a result, the
inequality equations of [A C BC!=.1 ¡ D!/] < 0 and kD!k < 1
represent the criteria of asymptotic stability for the proposed adap-
tive estimation system, which can be used to validate a system im-
plementation that will be discussed in the following section. The
study described in this section can now be applied to bring about an
adaptiveestimation design for the ECM system. System implemen-
tation of an adaptive estimator will be the topic in the next section.

III. System Implementation
The implementation of the adaptive estimation system proposed

in this paper includes the determinationsof the state parameters in
Eq. (1) and an adaptation gain in Eq. (3). The state parameters are
identi� ed by a least-squaresmethod, wherein the regression model
is treated as a black box in conjunctionwith the data of the baseline
input Ubase.t/ and the measured output y.t/ given from the histori-
cal � ight records. We chose a majority � eet of the Boeing 757-200
model as a candidate for the state-parameteridenti� cation. Figure 2
shows the baseline and measured data of the � ight parameters FF,
EGT, N1, and N2 retrieved from a B757-200 � eet. In Fig. 2 each
plot contains 222 data points dated from 8 October to 28 November
in 2000. These snapshot data have been assured that no watch-list
alerts happened to such � eet during the period of � ight time. The
� ight data are preprocessed by normalizing their magnitudes into
a range between zero and two prior to estimation so that the same
value of ° in Eq. (3), determined later, can be applied for all Delta
� eets and k!k can be well boundedto enable the inequalityrelation-
ship kD!k < 1 in the sense of asymptotic stability. The � rst-order,
zero-delay, single-input, and single-output autoregressionmodel is

Fig. 2 Flight data of a B757-200 � eet for system identi� cation.

Table 1 Model parameters of an adaptive estimation system

Symbol A B C D

FF 0.0132 0.0132 1.0 1.0024
EGT 0.0864 0.0787 1.0 0.9117
N1 ¡0.0096 ¡0.0097 1.0 1.0091
N2 ¡0.0329 ¡0.0341 1.0 1.0368

Table 2 Optimization results of an adaptation law design

"� t.°; p/ FF EGT N1 N2

° D 1:0 135.677 6.919 0.216 0.366
° D 0:5 100.066 6.418 0.195 0.292
°opt D 0:1 89.975 6.156 0.180 0.291
° D 0:05 94.140 6.180 0.187 0.292
° D 0:01 105.967 6.255 0.188 0.293
° o D 0:0 108.230 6.262 0.220 0.360

chosen for use in the system identi� cation process, wherein a poly-
nomial transfer function is generated and converted to a state-space
model in the canonicalform.2;6 In this way the autoregressionmodel
is thus identi� ed with four sets of replaceablevalues of state param-
eters as listed in Table 1.

As already discussed, the adaptive input design demonstrated in
Eq. (2) is to handle the parameter uncertainties and � eet variations.
An optimizationapproach is presented to � nd the optimum solution
of the adaptation gain ° appearing in Eq. (3) in order to minimize
the estimate error speci� ed by a mean-squared-�t equation.6 The
optimizationproblem is formulated to minimize the mean-squared-
� t value so that the following optimization problem is expressed
by:

Minimize:

"� t.° ; p/ D

®®Y.p/ ¡ Y?.p/
®®

p
½[Y.p/]

(6)

Subject to:

Á.° / D Pz ¡ F.z; ° / D 0; z D
µ

y

!

¶

F.z; ° / D
»
[D° y?=.1 ¡ D!/].y? ¡ y/ C BC!=.1 ¡ D!/ C A

° y?.y?=y ¡ 1/

¼
y

(7)

where "� t.° ; p/ is the cost function (mean-squared-�t equation) of
� ight parameter p; Y. p/ the vector of estimated data of � ight pa-
rameter p; Y?.p/ the vector of measured data of � ight parameter
p; ½[Y.p/] the size of vector Y.p/; and Á.° / the equality con-
straint function. The equality constraint function in Eq. (7) is de-
rived by rearranging Eqs. (1) and (3) into the continuous-time for-
mat. In Eqs. (6) and (7) the optimizationprogram uses the polytope
algorithm8 to seek the optimum solution of the design variable ° to
minimize a cost function "� t.° ; p/. The lower bound is imposed on
the designvariablebeingpositive.Along the procedureof optimiza-
tion, thedifferentialequationsinside theequalityconstraintfunction
are numerically integrated to obtain the time-history responses that
are discretely sorted at an even interval for the determinationof the
cost function de� ned in Eq. (6).

Based on the model parameters in Table 1 as well as the recorded
data from Fig. 2, the optimization of the adaptive estimator is car-
ried out by implementing four adaptive estimations for the � ight
parameter of FF, EGT, N1, and N2, respectively.The feasible start-
ing point is speci� ed to be ° o D 0, which in fact yields a case of
regressionestimationalone. Some optimizationresults are included
in Table 2. It can be seen that the optimum solution has been found
to be °opt D 0:1, which results in the minimum of cost functions of
FF, EGT, N1, and N2. The estimateerrors associatedwith ° o D 0 are
vastly reduced if applying the adaptive control with the adaptation
gain ° < 1:0. The adaptationgain ° is then � xed to the value of 0.1
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to tune the adaptation parameter ! in Eq. (3) as for generating an
adaptive input in Eq. (2).

The proceduredescribed in this section can now be used to bring
about a complete design of adaptive estimation model for the ECM
system. Numerical simulations have been implemented and will be
discussed in the following section.

IV. Simulation Results
The model parameters of an adaptive estimation system for sim-

ulations are summarized in Table 1. Four types of aircraft were se-
lected for adaptive estimation simulation during the years of 1995–

2000, and they are B757-200,B727-200,MD-88 (McDonnell Dou-
glas), and MD-90. The adaptive estimation has been simulated for
the predictionof FF, EGT, N1, and N2 in comparisonwith the actual
data and the baselinevalues.Although simulated through7000 data
pointsrecordedfrom1995to 2000,onlya portionofdatapointswere
demonstrated in each simulation for a clear highlight of graphics.

In the � rst simulation the baseline values of a B757-200 � eet
are speci� ed to the inputs of FF, EGT, N1, and N2, respectively.
Figures 3a–3d show the numerical results of this simulation dated
from 20 July to 8 October in 1995. The results associated with the
adaptiveestimationare indicatedby a solid line, whereas those with
the measured data are indicated by a dashed line. The dotted trace
represents the baseline values. It can be seen that the traces of the
estimated,measured, and baselinedata are close to one another, and
the three traces of N1 even overlap closely, implying a good trend
estimation for this B757-200 plane.

The second simulation is conducted for a B727-200 � eet oper-
ating from 12 March 1999 to 20 May 2000. The B727-200 planes
use Pratt and Whitney JT8D-15 engines different from PW2037
engines installed in B757-200 planes. Under the adaptive estima-
tion the discrete time-histories in Figs. 4a–4d represent the traces
of estimation for FF, EGT, N1, and N2, respectively.As can be ob-
served in Fig. 4, the estimation of N1 shows a better performance
among the others. Moreover, the baseline values of FF, EGT, and
N2 deviate from the measured data; however, the estimated traces
still present a good prediction close to the measured traces. Above
all, the results in Fig. 4 demonstrate that the adaptive estimator is
capableof dealingwith the suddenchangesalong the traces of � ight
data.

Figures 5 and 6 present the estimation results of an MD family
such as MD-88 and MD-90 � eets. Figures 5a–5d show the simula-
tion results for a MD-88 � eet dated from 9 Septemberto 9 December

Fig. 3 Simulation results of a B757-200 � eet under adaptive
estimation.

Fig. 4 Simulation results of a B727-200 � eet under adaptive
estimation.

Fig. 5 Simulation results of a MD88 � eet under adaptive estimation.

in 2000, whereas those in Figs. 6a–6d are for a MD-90 � eet dated
from 7 September to 2 December in 2000. The MD-88 planes use
Pratt andWhitneyJT8D-219engines,while the MD-90planesadopt
InternationalAero Engines V2528-D5. In Figs. 5 and 6 it can be ob-
served that the estimate errors are greatly eliminated in the traces of
FF, EGT, N1, and N2 under the adaptive estimation system regard-
less of the � eet-enginevariations.Although not shown in Figs. 3–6,
the discrete time histories of the adaptation parameter are bounded
by k!k < 0:1 for the cases of B757, B727, MD-88, and MD-90
planes.

Now, we take an EGT sample of MD-90 (total 7000 data points
from1995to 2000) to benchmarkthealternateestimationalgorithms
such as Kalman � lter, normalized gradient, and forgetting factor.6

The comparisonresultsare listed in Table 3. The adaptiveestimation
algorithmproposed in this paper inquires the lowest order of system
with no delays in modeling to perform the least estimate error in the
fast estimation.
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Table 3 Comparison of alternate estimation algorithms

Method/Parameter "� t(EGT) Order Delay Speed

Adaptive regression 3.7 1st 0 1st
Kalman � lter 22.5 6th 1 3rd
Normalized gradient 26.6 6th 1 4th
Forgetting factor 22.5 6th 1 2nd

Fig. 6 Simulation results of a MD90 � eet under adaptive estimation.

The adaptiveestimationof the � ight monitoringsystem under the
presence of baselinevalues has been shown to match the actual data
when the adaptive estimator is invoked. The estimate errors have
been effectively suppressed through an adaptive estimation system.
The simulation results in Figs. 3–6 thus validate the applicability
of the proposed adaptive estimation design for the engine health
monitoring system.

V. Conclusions
In this paper the problem of parameter estimation on the aircraft

engine health monitoring system has been proposed and analyzed
under the adaptive estimation system. The adaptive estimation has
been shown to be applicable and suitable for compensating the de-
� ciency of � ight data in the engine condition monitoring system
when conducting the trend and watch-list analyses for the engine

health diagnosis. The basic idea of the proposed estimation strat-
egy is to adjust the adaptation parameter to minimize the estimate
error as the result of forming a closed loop in the autoregression
model, in which adaptive estimation is facilitated to accommodate
� eet variations and to compensate for uncertainties upon the � ight
parameters. The autoregressionmodel is developed by a � rst-order
differentialequationand automaticallyadjustedby an adaptivecon-
trol law through the input of system. The stability of the adaptive
estimation system was analyzed to deduce two inequalityequations
as the necessarycriteria to ensure theadaptivesystemwas asymptot-
ically stable.The adaptiveestimation system has been implemented
by identifying the regression model and optimizing the adaptation
law accordingto the historical � ight data of a majority � eet. The en-
tire estimation system was formulated into an ease-to-code format
and has been proven suitable to work for various � eets operated at
Delta Air Lines.

Numerical simulations of the proposed estimation strategy are
shown to be suitable for the engine health monitoring system to
be used actively against the de� ciency of � ight data taken from the
ACARS system. The simulation results indicate that the estimate
error is considerablyreduced by the adaptive estimation system re-
gardlessof � eet variationsand changesof parametercharacteristics.
The benchmarkstudy shows that the proposedestimationalgorithm
outperformsthe existingestimationalgorithmsin terms of accuracy,
order of system, and computational speed.
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