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PREFACE

This second volume of the final report is an overview of techniques
developed for the system identification of jet turbine engine models, The
emphasis of this volume is on the practical application of system identification
using the SCIDNT parameter estimation code, which was developed by Systems
Control Technology, Inc.

This volume provides an overview of the theory of parameter estimation, a
description of how this theory is implemented in the SCIDNT computer code,
and practical tips on the application of the SCIDNT code to the estimation of a
general jet turbine engine model. The first five sections contain a description of
parameter estimation theory and its implementation within SCIDNT. The last
two sections offer specific guidelines for application of SCIDNT to a new engine
model.

The first five sections of this report are not presented simply in an effort to
be thorough or provide an archival reference, rather they are included because
successful parameter estimation absolutely requires an understanding of the
complete process. It is strongly recommended that potential users of these tools
carefully review this entire volume prior to attempting estimation of an engine
model.

The reproducibles used in this report were supplied by the authors.
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Nomenclature

A Matrix of independent variables in a regression
B State estimation innovations covatiance matrix
D Controls into measurements distribution matrix
E Epsilon perturbation value {0.1%)

F State dynamics matrix

fa Nonlinear state dynamics vector function

fi Nonlinear state kinematics vector function

g Gradient of a performance measur;a

Gy Control distribution matrix

Gw Process noise distribution matrix

H Hessian of a performance measure

H States into measurements distribution matrix

K Kalman gain matrix

L Generic estimation performance measure

L Luenberger observer gain matrix

Le Equation error estimation performance measure
Ls Filter error estimation performance measure

Lm Maximum likelihood estimation performance measure
Lo Output error estimation performance measure
Np number of parameters

Nt number of time points
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Nu number of controls
Nw number of process noise sources
Nx number of states
Ny number of measurements
Q Process noise covariance matrix
8 Vector of unknown parameters
R measurement noise covariance matrix
S Diagonal matrix of singular values
t time
U An orthogonal matrix
control vector
v An orthogonal matrix
w process noise vector
g Ridge regression parameter
X state vector
Y Matrix of dependent variables in a regression (usually a single
column)
y measurement vector
(7) Estimated quantity
Variable Types:

Bold Variables  Vector quantities
Sans Serif Font  Matrices
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1 Overview of System Identification

System identification is a technology for determining a mathematical model
of a dynamic system from observations of its response to its inputs. This
technology has found application in a number of fields of engineering:
vehicle dynamics!- process control? , electric power production and
distribution3, aircraft aeroaynamics? , medicine®, econometricsé, and
structural dynamics?.

System identification is particularly useful for the estimation of gas turbine
engine models. This is because high fidelity models of jet engines are very
useful for performance validation and for control design and because accurate
models can aid in the understanding and prediction of jet engine
phenomenon such as stall and surge.

This set of notes is an overview of techniques for system identification of gas
turbine engine models These techniques have been developed over the last
10 years. The emphasis in these notes is on

- an overview of the set of techniques,
- solution of the nonlinear problem, and-

- practical effectiveness rather than theoretical elegance (Many
assertions will be stated without proof.).

Although system identification is often regarded as a set of techniques for data
processing, the overall technology has a broader scope which includes test
planning, instrumentation specification, and choice of mathematical model
structure, as well as the numerical methods of parameter estimation and the
statistical techniques of interpreting results. The overall scope of the problem
can be illustrated with the gas turbine engine modeling example. In planning
the effort, the following questions should first be addressed.

. What is the purpose of the system identification analysis? What
parameters are known accurately & priori and which are not
known? The ultimate purpose of the model will affect the
choice of the structure of the model to be identified and the
estimation accuracy required.

. What test inputs are acceptable from the point of view of safety
of operation while the data are being collected? Small control
excursions may not excite the dynamic modes of interest while
large excursions may cause unsafe transients.
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What aspects of the input and output of the system must be
fetched from storage? Possible measurements on the engine
include

- control positions {e.g. stator angles, fuel flows, nozzle
areas),

- pressures,

- temperatures,

- flow rates.

How accurately must these quantities be measured?

What data length will give the highest probability of success?
Test cell budget constraints may dictate short time records, yet
short records may not vield accurate estimates.

How high should the sampling rate be? A fast sampling rate
may be needed in order to obtain information about parameters
modeling comparatively fast engine dynamics such as stall
behavior. But the processing hardware may not be able to store
enough data at a high rate if the records are long enough to
capture a slow acceleration.

How complex must the mathematical model be? How many
parameters need to be estimated? Do significant nonlinearities
exist?

Can the quality of the data be quickly assessed before more
expensive processing algorithms are run?

How can we assess the validity of the model determined by
processing the test data?
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2 The Integrated System Identification
Process

2.1 Rerative Nature of the Process

Figure 2.1 indicates an integrated identification procedure which applies to a
wide variety of dynamic system types (e.g., structural dynamics, vehicle
dynamics, etc.). This system identification process consists of an iterative loop
of test planning, actual testing, and data processing. Two feedback loops can
be vital to the overall success of the program. An inner loop is closed during
the data collection phase. This inner loop checks the quality of the data
produced by the tests. The checking is done in real-time or nearly in real-
time. If the quality of the data is determined to be poor, then corrective action
can be taken before possibly computationally expensive data processing
begins. The test might need to be repeated with modified inputs. Poor data
quality may be due to:

. failed sensor channels,
. excessively noisy sensor channels, or
. failure to excite dynamic modes of interest.

Data quality evaluation may be performed by a variety of real-time unes
including:

. pattern recognition methods that can extract features of the data
channels (this mimics the human expert's visual inspection of
data records as displayed by strip chart recorder or CRT.),

. fault detection filters®, or

» actual parameter estimation using algorithms configured for
high computation speed?.

An outer loop of maneuver specification may also need to be closed about the
entire identification process. The maneuver specification is a "boot-strap”
process. A model of the system is needed in order to choose test input signals.
The characteristics of the model which result from the identification data
processing may indicate that additional input signals are required for
complete model identification. If this is the case, then another set of data
collection tests will be required.
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Figure 2.1 The Integrated System Identification Process
2.2 The Pretest Planning Phase

The pretest planning phase normally includes the specification of an
instrument system and test inputs. The overall technology of system
identification now extends to include analytic methods of specifying test
input signals to minimize the uncertainty of estimates of parameters!? and of
specifying sensor accuracy requirementsil.

10
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2.3 The Data Processing Phase

The actual processing of the data requires three major steps. These are:
. model structure determination,
. parameter estimation, and
. model validation

The model structure determination phasel2 consists of processing the
input/output data to determine the significant linear and nonlinear
equations and associated parameters that are necessary to represent an
observed system response. Questions addressed here include the
determination of the order of the model {e.g., number of degrees of freedom)
and a mathematical form (e.g., polynomial) to represent any nonlinear
character in the dynamic equations. For linear dynamic systems, the
determination of order is of primary importance. For nonlinear systems the
determination of forms to represent nonlinearities has equal importance.

The estimation of unknown parameter values follows the determination of a
suitable model structure. Numerical values of unknown parameters are
determined by choosing them to optimize some performance index which
measures how well the mathematical model represents the observed data.
Possible performance criteria include:

. minimization of sum of squared fit errors, and
. minimization of the autocorrelation of the fit errors.

Fit error is the difference between the observed response of the dynamic
system and the simulated response of the system model to the observed
inputs.

The determination of model structures and the estimation of parameter
values are often done in parallel. Model structures are determined by fitting.
several competing candidate models (specified by the user) to the observed
system response. The model structure which gives the "best" fit of the data is
the structure chosen.

Several criteria may be used to evaluate the closeness of the fit. Simple mean
square fit error is not a suitable criterion for the comparison of all candidate
models. The use of this criterion will always lead to the choice of highly
complex models, since adding degrees of freedom to the model always leads
to reduced mean square fit error. A more useful criteria, when evaluating
candidate models having different numbers of parameters are the mean

11
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square prediction errorl3. These criteria weight fit error against the number of
free parameters in the model.

We have found that a two-stage process is effective for determining the
structure of the model and estimates of the parameters. First, candidate
models are evaluated by choosing their parameters to minimize fit error or
mean square prediction error. This evaluation is done using a numerical
scheme which accurately evaluates the performance index but which may not
accurately evaluate the parameter estimates themselves. Once the model
structure is established in this way, the parameter estimates are refined using
a scheme which gives more accurate parameter estimates. For dynamic
systems, a computationally efficient method which is effective for model
structure determination is the equation error minimization method.
Parameter estimates may subsequently be refined using output error
minimization or combined state and parameter estimation methods.

2.4 Model Validation

A good criterion for the validation of a model is the use of the model to
predict new data. A typical procedure might be to use, say, 80% of the
available data to determine the model structure and parameter values. Then
the resulting model would be used to predict the remaining 20% of the data.
The degree of validation achieved can then be interpreted from the accuracy
of the prediction.

Statistical performance criteria include:
. mean square fit error,
. mean square prediction error, and
. whiteness (statistical independence) of residuals.

Whiteness can often be evaluated effectively by visual inspection of plots of
the observed data superimposed on plots of the predicted data. Plots of the
residuals themselves may also be used.

- RMS residual: The root-mean-square of the difference between
recorded data and the predictions of that data using the
identified model. This is probably the most popular purely
statistical performance index.

- Autocorrelation of residual: This is a measure of the whiteness
of the error between recorded data and the predictions of that
data.

- Correlation of input with residual.

12
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- Prediction error
- Parameter covariance.

Finally, validation should include comparison of the model determined from
system identification with models available a priori.

13
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3 Solving Linear Least Square Problems

In order to apply the parameter estimation to a problem, one must |
understand the basic goals and principles involved. Therefore, in this and the
following chapter a brief overview of parameter estimation theory is
presented. There is slightly more detail here than required for the reader
interested only in application, but it provides an archival reference directly
relevant to gas turbine engine model estimation.

We begin the study of parameter estimation with the linear least square
problem. This is more precisely called the estimation of parameters in linear
static models using a least sum of squared errors criterion. We begin with
this method for several reasons.

- It is very easy to solve. We will see that there are simple
algorithms for calculating the best parameters.

- The study of this method introduces many of the ideas that will
be used in other, more advanced methods.

- The method is useful in itself for estimation.

- The more advanced methods such as filter error and output
error are fundamentally nonlinear, even when working with
linear models. However, each of them operates by
approximating the nonlinear estimation problem as a series of
linear problems.

In order for linear least square fitting to work, we must have a model in the
form:

m
s 2 a8 +v;
1

Where y is called the "dependent variable". The terms g;jare called
"independent variables". The term v; represents all of the things that affect
the value of the dependent variable but that are not represented by the
independent variables. v; is sometimes called "the noise”. As we will see
later, it is traditional to make various statistical assumptions about the
characteristics of v; . The more simple assumptions allow us to make
statements about the statistical characteristics of the parameter estimates and
about the ability of the estimated model to predict the behavior of the real
world. Since these more simple statistical assumptions about v; are usually
wrong, the statistical conclusions about results are usually wrong also.

14
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The above model can be written in matrix equation form as:

y = Aty

where v is an Nt column vector of measurement noise,
A is a Nt x NO rectangular matrix of measured independent variables, and

0 is an N® column of model parameters.

This equation will appear as represented in Figure 3.1. Note that this is
usually an overdetermined set of equations, meaning that there are more
(usually many more) equations than unknowns.

Figure 3.1 An Overdetermined Set of Equations

A vector of the errors between the model outputs, A8, and the measured
outputs, y, is defined as 1, and referred to as the residual vector. When the
residual vector is smallest it is perpendicular to the column space of A. This is
illustrated in Figure 3.2. Where a linear model is defined by the vector

labelled 6 . For any value of 6, certain values of the outputs y; and y2 result.
Obviously the shortest residual vector {and therefore least error) results when

the residual vector is perpendicular to the 6 vector. If the residual vector is
-perpendicular to the column space of A, the following must be true:

Aoe=Ady -A-g)=0

A’oy =A'eA og
1
1] = (lA’oA) oA'-y

15
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Thus geometry has led us directly to the fundamental equation of least
squares theory and a definition of the least square error estimate.

Geometric Interpretation

Figure 3.2 Geometric Interpretation of Linear Least Squares

16
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4 Parameter Estimation Performance
Measures

A large number of methods exist for performing system identification data
processing. The best algorithm for any given application depends strongly on
the type of model and on the nature of the available data. No one type of
processing algorithm can handle all possible applications.

This section outlines two processing methods which have been found to be
effective in a variety of applications. These methods are:

. equation error minimization methods,
. output error minimization methods.

The SCIDNT estimation code is capable of performing both of these types of
parameter identification. Generally gas turbine engine model estimation is
performed using output error minimization methods.

4.1 Equation Error
The equation error minimization methods estimate unknown parameters by

choosing them to minimize 2 performance index. A continuous dynamic
system must be represented as:

t=f(x,u,2,§+w (4.1)

where 0 is a set of p unknown parameters and w is a time-varying
unobservable disturbance. An analogous formulation exists for a discrete

dynamic system. The performance index Lg(6) to be minimized is:

Le(9= Y, (%()-f [x(e) w1, 6 P
i=1 (4.2)

The equation error minimization method is often calied the least squares
method because of the form of the performance index L 4(6).

The effective use of the equation error minimization requires the a priori
determination of system states x, controls u, and state derivatives X over
the time interval of the test. A priori here means that these quantities must
be determined before the unknown system parameters are estimated. This
determination may be done using direct measurements or using system

17
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characteristics that are independent of the parameters. For example, an
unmeasured state derivative may be determined by {very carefully)
numerically differentiating a measured state time history.

The term w is a stochastic quantity which represents unmeasurable process
disturbances in the system. For a gas turbine engine, w consists of

disturbances such as inlet distortion and unmodeled, high-order aero-thermo
effects.

The special advantage of the equation error minimization method lies in the
fact that many nonlinear dynamic system functions f(x,u, 6 ) are linear
in the parameters 0. In other words,

p
fi xted i 5 d= D (O fry Dxed uled 1)
J=1

The functions fx;, j=1,2,...p are independent of the p unknown
parameters ;. The parameter values that minimize Le (8) can be found
explicitly using linear algebraic operations!4. The disadvantages of the
equation error minimization method arise primarily from the requirement
for very accurate measurements of states and controls. States will inevitably
be measured with some error. No measurement at all may be available for
other states.

4.2 Output Error

Qutput error minimization methods, like equation error minimization
methods, estimate unknown parameters by choosing them to minimize a
performance index. The dynamic system must be represented as

x=f(x.u,r.0+w' (4.4)
y=h(x,u,1,8)+v (4.5)

where 6 is a set of p unknown parameters and v is a time-varying,

unobservable, additive measurement error. The performance index L,(6)
to be minimized is

i=m o+(a £ 12
L (a lgzl yk(t: w)é,k(e'tl)}

Here yi () is the k! channel of measured system output at time #j. $i is
the kf channel of system output y predicted for time i by solving the

18
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system state equations and measurement equations using the measured
system inputs u{) and the a priori parameter values 6.

The effective use of the output error minimization requires the very accurate
measurement of system inputs u and the measurement of system outputs

y. The method will tolerate errors in the measurement of y.

The term v is a stochastic quantity which represents instrument
measurement errors, .g., analog-to-digital quantization noise.

The special advantage of the output error minimization method, with respect
to the equation error method, is that the measurement requirements are
greatly relaxed. The method does not require the accurate measurement of all
state and state derivatives. Rather, it is effective using noisy measurements
of the limited number of outputs that are available,

The actual determination of the parameter values © that minimize the
performance index L,(6) is computationally more complex than the
minimization L, (0). This is because L,(8) is a nonlinear function of

the parameter set 6 . Finding the minimizing parameter set requires an
iterative numerical schemel5.6, The application of such numerical methods
is often not straightforward.

The principal disadvantage of the output error minimization scheme is that
it does not explicitly allow for the presence of unmodeied disturbances in the
state dynamics. Such disturbances are represented in the equation error
method by the term w. “Process noise” is the term often used to describe
these unmodeled effects.

It should be noted that the output error method can account for system
dynamics disturbances of unknown magnitude if the form of these
disturbances is accurately represented. The disturbance w must be explicitly
represented as :

w = w(l 0} (4.7

The unknown elements of the disturbance are represented using part of the
unknown parameter vector 6.

19



AEDC-TR-90-32

5 [lterative Optimization of the Performance
Measures

The following paragraphs contain a discussion on the optimization methods
used in estimation, modification for dynamic system likelihood function, and
calculation of partial derivatives of v(n) and B.

5.1 Optimization Methods Used Iin Estimation

Finding maximum likelihood parameter estimates requires the use of an
iterative optimization method to maximize the likelihood function with
respect to the unknown parameters. This may be done using a Newton-like
optimization method that minimizes the likelihood function. A Newton
method makes successive approximations to the minimum or maximum of

a nonlinear function of several variables 8 using

fe=04+A0 (3.1}

where the change in the parameter vector A§ is the solution of
Hap+g=0 5.2)

H and ¢ are the Hessian and the gradient of the nonlinear function being
minimized.

In many estimation problems (not necessarily those for linear dynamic
systems), the likelihood function is a sum of squared nonlinear functions.

i=Nt

L= X0} 63

i=1

These functions y(i) are the differences between actual observations and
observations estimated by some type of model. The fact that the function has
the special structure (sum of squared terms) makes the application of Newton
methods particularly efficient. It is possible to approximate the Hessian
knowing only the first derivative of each of the nonlinear functions with
respect to the unknown parameters. This is the basis of the Gauss-Newton
(GN) algorithm.

H=zJdd (4
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where

ov (i)
39}'

Jij = (5.5)

The rectangular matrix J is called the Jacobian of the estimation problem.
The exact expression for the gradient is just

g=% [duror]

(5.6)

Execution of each iteration requires the evaluation only of ¥(n) and of J. The
Levenberg-Marquardt (LM) algorithm?7-18 js a modification of the GN
algorithm. This modification aids convergence when working on highly
nonlinear or ill-conditioned problems. LM approximates the Hessian as

HzJd9 +§I 67

where I is the identity matrix of appropriate dimension and { is a positive
scalar called the Marquardt parameter. If { is very small, the LM algorithm
behaves just like the GN algorithm. If [ is very large, LM behaves like a
gradient search. The trade-off is that on problems of moderate difficulty, GN

converges much more quickly than a purely gradient scheme. However, the
gradient scheme is more robust and will perform more reliably on highly

nonlinear or ill-conditioned problems. The complete LM algorithm adjusts {
during the course of iterative approximation to the minimum.

algorithm starts with some nominal value of {. This starting value may be
zero. If an iterative step fails to make an improvement in the cost function,

LM increases { and tries the step again. If an iterative step successfully
decreases the cost function on its first try, LM decreases {. The usual factors
for changing { are2 and 1/2.

SCIDNT chooses the starting value of { automatically to limit the trial step
size of the first iteration. The user can choose the magnitude of this initial
limit using the program control parameter RADIUS. The default value for
.RADIUS is 1.0. Choosing the initial RADIUS value as 1.0 means that the first
normalized trial step length will satisfy

80 ¢ 1 g

le] ~ (5.8)

21
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(See Figure 5.1.) Scaling the elements of the gradient and Hessian may

improve the conditioning of the linear system that must be solved for Ag. A
choice for a set of scale factors that is sometimes effective is the magnitude of
the parameters. The scaled Hessian becomes Hg and the scaled gradient

becomes g4 where

H; =S+H+*S (5.9)

s =S5°Q (5.10)

The square scaling matrix S is

6 0 0 0
g . 0 82 0 0
0 o

[ 0 0 - 8] 1

The Levenberg-Marquardt approximation is then applied to Hg:
H= Hg + {+1. (512

SCIDNT applies this scaling rule automatically. Normally, scaling is not a
concern since it is done inside the estimation algorithm and does not appear
on any of the SCIDNT outputs. The only place where it does appear is in the

Hessian and Hessian eigensystem listing at the end of the sumnmary printout
(SCIDNT.OUT).
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e 5 Gradient Directlon

O Cauchy

© trial

0 initial

Cast Function Contour 9 1

DOGLOC indicates the search trajectory segment
A: DOGLOC betwsen 2 and 3
B: DOGLOC between 1 and 2
C: DOGLOC betwaen 1 and O

Figure 5.1 Trust Radius Geometry

23



AEDC-TR-80-32

5.2 Calculation of Partlal Derlvatives of y(f;) and of B

The modified LM algorithm described above requires the evaluation of the
negative log likelihood function (L), innovations (¥}, innovations covariance
(B), and the partial derivatives of ¥ and of B with respect to each of the
unknown parameters. The previous section showed how to evaluate the L,

¥t ), and B. It remains to evaluate the required partial derivatives. Several
publications discuss analytic formulations for these partial derivatives!®. The
partial derivatives themselves satisfy certain linear, constant coefficient
differential equations. These may be solved in parallel with the system
model equations in order to evaluate the partial derivatives. A more
effective method often is to approximate the needed partial derivatives using
finite differences. This approach has been studied extensively for the LM
algorithm2) . An algorithm that uses these approximations is called a
"derivative free analog" of the exact LM method. SCIDNT computes
estimates of partial derivatives by

v (ti) _ Aveey)
Bﬂj IAGJ' I
Yiti) - Y(ti)
- 9+40 8 613
AG,

The partial derivative of the innovations covariance may be estimated in a
similar fashion. To approximate partial derivatives in this way, the model
producing the output sequence must be run once for the nominal value of
parameters and once for each perturbed parameter.

The need to repeatedly run the model for each perturbed parameter has a
direct impact on the required model structure. A model which is to be used
in the SCIDNT estimation code must not have any of non-reset counters,
flags, and lags which are common in models designed to be run only once.
The model outputs must vary between calls only due to the perturbed
estimation parameters and any "model memory" from previous
propagations will carry over into the next and invalidate the partial
derivative calculations.

5.3 Mechanization In SCIDNT

The mechanization of the search algorithm in SCIDNT uses the following
steps (Figure 5.2): There are three major loops in the algorithm: the iteration
loop, the measurement sensitivity calculation loop, and the trust radius
search loop. Each iteration loop produces a new estimate of the parameters
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optimizing the cost function. Each cycle through the measurement
sensitivity calculation loop produces a set of sensitivities of the
measurements to one parameter. Each cycle of the iteration loop requires
Nth cycles through the sensitivity calculation loop. Each cycle of the iteration
loop also requires one or more cycles of the trust radius search loop. Given
the Newton step 48y computed by the iteration loop, the trust radius search

loop tries to find a trial parameter set firial that actually does improve the cost
function.

To start SCIDNT, an initial guess for parameters § and the initial search
radius must be made. The iteration loop then computes an initial evaluation
of the cost function L(8). Next the measurement sensitivity calculation loop
computes the sensitivity of each measurement to each parameter. 1t does this
using the parameter perturbation approximation method described in
equation 5.13. SCIDNT perturbs each parameter one at a time by e and then
runs the filter with the perturbed parameter value. It then approximates the
measurement sensitivities using the differences between the nominal and
the perturbed parameter measurement evaluations. SCIDNT next computes
the gradient and Hessian. Having the gradient available allows computation
of convergence criteria.

SCIDNT next enters the trust radius search loop. This loop (shown in
simplified form in Figure 5.1) ensures that each iteration actually improves

the cost function L{#). The trust radius search loop limits the size of the A8
step. The idea here is that for a long step, the GN approximation to the shape
of the cost function may be inaccurate and may actually lead to 2 worse cost
function than the current 6 value. Even if the long step is a failure however,
there should exist some shorter step that does improve L(8). The trust radius
search first finds a trial set of parameters 8 raf that, based on the GN
approximation, should minimize the cost function within the constraint

| Brigi! < Radius. If the step is successful [i. e. L(Giat} < (D) ], the search will
increase Radius to try a still larger step. If the step is not successful, the search
will decrease Radius and try again.

The trial steps that SCIDNT will take are illustrated in Figure 5.1 by the lines
labelled A, B and C. The C segment is in the gradient direction from the

initial 8 values. The A segment is in the Newton direction, based on the -
approximation of the Hessian described above. The B segment is a "dogleg”
connecting the gradient and Newton directions. The location of the B
segment is set by the user through the bies input. If the system is fairly linear,
the Hessian approximation should be accurate and a step in the Newton
direction should be successful. If this is not the case, a shorter Newton step or
a step in the gradient direction may still improve the cost function. Since the
computed gradient will be accurate at least in the immediate region around

the initial 0 values, a very short step in the gradient direction must improve

5
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the cost function. Thus the path A-B-C gives provides a logical blending of
the robust gradient optimization with the Newton optimization with its
superior convergence properties. The SCIDNT output DOGLOC indicates the
search trajectory segment used for a given step as indicated in Figure 5.1.

Set 8, Radius

v

i=l

v

> Compute L {8)
s
8
E ﬂk= ﬂk‘* [
Ik =k+ 1] *
Compute;{ﬂ
|1 —=
3
.E Compute ¥, g J. H
s
ieidl]
A
Solve He Afpy+g=0
8 =8y Compute 8, (ﬂ. Ady Radius] Radius Loop
J 3
Radius
& 2 « Radius

Figure 5.2 Parameter Optimization Flow Chart
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6 Installing a New Model In SCIDNT

6'. 1 Introduction

This chapter discusses the installation of a new model into the SCIDNT
parameter identification code. It is assumed that an output error estimation
procedure will be employed and that the model is embodied in a stand-alone
simulation. This is usually the case for gas turbine engine model estimation.
This chapter is not intended to cover all possible modifications of SCIDNT for
different parameter estimation applications.

The preceding chapters of this volume were presented to explain to the
novice user what the SCIDNT code does and why. This was done because it is
far better to work with SCIDNT as an informed user, than by trying to follow
some apparently arbitrary instructions. It is strongly recommended that before
attempting to install a new model in SCIDNT, the user read the first five
chapters of this report with the goal of gaining an understanding when and
with what purpose the SCIDNT code will run the model. Thus the user may
determine if the model is installed 50 as to correctly serve these purposes.

6.2 The Model as a Subroutine of SCIDNT

Engine models are installed in the SCIDNT estimation code as a set of
subroutines called from a single module. Thus SCIDNT makes a single
subroutine call (to DYNMOD in the current version) to run the model. It is
assumed here that a model to be installed in SCIDNT is currently in the form
of a stand-alone computer simulation. The top level subroutine which
connects the engine model to SCIDNT can usually be a modified version of
the original MAIN module of the stand-alone simulation.

The argument list of the model module is not invariant. Each model to be
estimated has different characteristics and generally require slightly different
information from the estimation code. A typical list which embodies all of
the required values is:

Subroutine Dynmod(Tout, Delt, U, NU, NY, Ifirst, Ibomb, Y, P).

Tout is a scalar variable which tells the simulation at what time SCIDNT next
expects to receive model outputs. Delt is the delta time between the value of
Tout at the last call and the current call. U is a vector of inputs as recorded
during testing which must drive the model (such as nozzle throat area and
fuel flow). NU and NY are integers which define the sizes of the Uand Y
vectors respectively. Ifirst is a logical which indicates if this is the first call to
the simulation. This allows certain model initialization to be done only once.
Ibomb is a logical which the simulation returns to SCIDNT to inform it that
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the simulation has failed in some way. Y is a vector of model outputs which
the simulation returns to SCIDNT. P is a vector of the model parameters
which are being estimated. These parameters are provided by SCIDNT and
must be used in the model routines as model variables.

The simulation must operate such that SCIDNT passes it the value Tout, and
the simulation integrates forward in time to this value and then returns to
SCIDNT the values of the outputs, Y, at that time. Thus checks must be
inserted into the top level module of the simulation to insure that it will
return at this time. It is possible to call an interpolation routine (one is
included in the SCIDNT code) if needed to produce the outputs precisely at
Tout. This may be necessary if Delt is not an even multiple of the simulation
integration time step.

The user should remnember what it is that SCIDNT is doing and insure that
the installed model accommodates these requirements. The simulation must
be modified to integrate forward to Tout and return the model outputs, Y, at
that time. The model must use as inputs those recorded during test and
provided by SCIDNT in the vector L. The model must use the parameter
values provided in the vector P. Obviously, if these parameters are to be
estimated they must affect the model outputs. If they do not, SCIDNT will
give the user a message that these parameters are unidentifiable. Model
parameters which are not to be estimated, but which the user wishes to
change easily, can also be passed in through this vector and need not affect the
model outputs.

The values of U and Y which were measured during test must be made
available to SCIDNT by locating them in a file. The default file type is double
precision binary, but any formatted file type is possible if the user is willing to
edit SCIDNT to read that file type. The data is read in by the routine INREAD.
The SCIDNT code structure and detailed setup and operating instructions are
located in the SCIDNT User’s Guide.

6.3 Frequent Problems In Model Structure

There are number of common simulation characteristics which will cause the
user difficulty when trying to install a simulation containing them in
SCIDNT. A few of these will bear enumeration here as examples to the user
of common pitfalls.

. Generally, any model characteristic which has "memory” will cause
problems. Since SCIDNT will make repeated calls to the simulation, these
"memories" will contain erroneous values at the start of all but the first
propagation. Some common sources of "memory"” are counters and flags,
state variables, and approximations to lags which are not reset. This type of
model structure is not a problem in the original simulation which would
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only propagate once per run, but create large errors as SCIDNT repeatedly calls
the simulation.

If the engine simulation uses a variable time step integration method special
care must be taken to return to SCIDNT at the correct time. If a variable time
step is used, a check on the time and a possible interpolation of the outputs
will suffice. If a predictor/corrector integration method is used, extra care
must be taken to insure that a return is not made on a tentative predicior pass
rather than at the end of an actual integration step.

If a simulation uses inputs which are called from look-up tables or is a closed-
loop simulation, special care must be taken to insure that the model is driven

the measured inputs. It is very important for output error estimation
methods that an accurate measurement of the test inputs be used to force the
model. Particular attention should be paid to insuring that simulation read
and look-up statements do not over-write the measured inputs from
SCIDNT.

Similarly, model parameters are often functions of operating conditions and
subject to various resets based on engine operation. If model parameters are
to be estimated, their values must be received from SCIDNT through the P
vector, and not modified within the simulation. The user should search the
code for any occurrences of estimation parameters on the left side of an equal
sign and the use of the parameter name in look-up and equivalence
statements.

Another consideration is that the simulation must represent as nearly as
possible the exact article which was tested. Care should be taken to insure that
important components such as inlet plenums are included in the simulation.
In addition, the measurements must correspond to the model outputs, Y. If
model outputs do not exactly correspond to the measured data, the model
should be modified to produce the correct cutputs.

Users should also scan the SCIDNT code for any COMMON names and
subroutine names which may be present in both SCIDNT and the engine
simulation. Obviously, these will cause difficulty in combining the two bodies
of code.

There are both double and single precision versions of SCIDNT in release at
this time. AEDC and WRDC have received double precision versions, and it
is suggested that these are used as they are more accurate than the single
precision versions. If the engine simulation to be identified is not double
precision, it should be converted or care must be taken to insure that it will
interface properly with the SCIDNT code. Precision missmatch is a very
common error in code which attempts to use different precision variables.
This is very easy error to make and very difficult to de-bug since memory is
overwritten in apparently random times and places.
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Obviously, the SCIDNT code must be linked with all modules including the
engine simulation and all of its INCLUDE and COMMON files. Care must be
taken during the linking process to insure that the I/0 units used by SCIDNT
are not used in the engine simulation also. Most engine simulation output
statements can be disabled since SCIDNT will provide output. The 1/O units
used by the SCIDNT code are detailed in the SCIDNT User’s Guide.
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7 Verifying and Debugging Model Installation
7.1 Tests to Verity Model Operation with SCIDNT

Having created an executable image of SCIDNT with an engine simulation
the user should make a series of organized SCIDNT runs to insure proper
operation of the model within SCIDNT, as well as the proper interaction of
SCIDNT with the model.

The first SCIDNT debug run should be a simple propagation of the model. Set
the SCIDNT input parameter LIDENT equal to .FALSE. for this run. This will
run the model once through, and not make the repeated model calls required
to compute the Jacobian, Hessian, or estimate model parameters. This run
should precisely match the operation of the simulation as a stand-alone
model. (A run of the stand-alone model using the same inputs and
configuration should be made to use as a test case.)

Having passed this first test, the simulation should then be tested for
"memory”. The user should specify LIDENT equals .TRUE. and put three or
four parameters numbers into the IDENT vector in the SCIDNT input. One of
the parameters in IDENT should be a parameter which is known to have no
effect in the model outputs. This may be a dummy parameter which is not
present in the model at all. Also, the user should put a zero in the PERT
vector corresponding to one of the parameters of IDENT other than the one
which has no effect in the outputs. This run should return the information
that the "no effect" parameter and that corresponding to the zero in Pert are
"nonidentifiable”. If this is not the case, the model outputs were different for
model propagations where these parameters were perturbed. This should not
happen, since in one case the parameter should have no effect in the outputs
and in the other the parameter was perturbed by a zero amount (not actually
changed at all). If in fact the model outputs did change, it indicates that the
model in non-repeatable, probably due to some "memory”, and the user must
find the problem and rectify it.

If SCIDNT has passed the above test runs, a simple estimation of one
parameter of "known" value is recommended. A parameter such as the heat
value of fuel is a good choice. This single parameter which has a large and
obvious effect on the mode! will allow the user to detect obvious flaws in the
estimation procedure and tune the user specified inputs to SCIDNT for his
particular problem. This run will generally give the user some experience
‘with estimating his or her model and gain confidence in the code installation.
(Be sure to eliminate or reset the PERT vector prior to this run.)
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7.2 Interpreting SCIDNT Output for Debugging

The SCIDNT code outputs a complete history of the estimation process. If the
user has an understanding of the estimation procedure as described in the
first five sections of this volume, this output should be quite intuitive.
Although a description of the SCIDNT output is included in the SCIDNT
User's Guide, and a few examples of how to interpret this output to detect
common problems will be presented here.

The SCIDNT output is divided inco two sections. The first echoes back the
user inputs and default values which will be used during the estimation run.
This information includes such things as parameters to be estimated,
measurements used, measurement weightings, and number of time points.
The second section describes the optimization procedure and summarizes the
results at the end of the run. If the user is not familiar with the optimization
procedure used by SCIDNT, he or she should review Section 5 before
proceeding further.

One common problem when estimating gas turbine engine models is that the
Newton step will be inaccurate due to the highly nonlinear nature of the
problem. If the initial trust radius is large the first step which SCIDNT takes
may cause the simulation to fail. Failure is usually due to the inability to
balance terms due to a very large parameter change. This problem will be
obvious due to the failure and will be reflected in the output by a large value
in the LENGTH OF STEP portion of the output. The remedy is to reduce the
RADIUS input to SCIDMNT.

A similar problem will occur if the GROW input is set too large. This is the
factor by which the RADIUS can be enlarged after a successful step. (If this
doesn't sound familiar, review Section 5.) If GROW is too large, a very large
step will be taken after one successful step and this will cause the simulation
to fail. The user must evaluate what range of values are reasonable for the
parameters to be estimated and set the RADIUS and GROW inputs

accordingly.

Co-linearity of two or more parameters is another problem which may be
encountered during optimization. This occurs when two model parameters
have the same effect on the model outputs. This does not mean that they
have the same role in the model, but that they are not identifiable from the
chosen set of outputs. This can be detected by looking at the eigenvalues and
eigenvectors of the Hessian which are printed at the end of each run. If two
parameters are co-linear, they will have similar eigenvectors.

For estimation problems containing a large number of parameters this is
difficult to determine. An alternative is to find the null-space of the Hessian
itself. A convenient way to do this is using the Singular Value
Decomposition of the Hessian, which produces a basis for the null-space
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directly. This basis will show which rows and column of the Hessian are
linearly dependent, and therefore which parameters are co-linear. For more
detail on the basic sub-spaces of linear equations and singular value -
decompositions, see any linear algebra textbook. Note that this type of
analysis may be required if SCIDNT returns the information that the Hessian
is non-invertable. SCIDNT will only return this message if there are numeric
problems such as those caused by co-linearity. If individual parameters are
nonidentifiable, SCIDNT will remove them from the estimation and inform
the user that they are not to be estimated.

7.3 General SCIDNT Output Interpretation

The SCIDNT output details the optimization procedure described in Section
5.3 This output and how it corresponds to the optimization process will be
briefly described for reference.

The first thing that SCIDNT does during an identification run is repeatedly
call the model to form an estimate of the gradient and Hessian at the nominal
point. Recall that these are the first and second partials of the cost function
with respect to the estimation parameters, and as such are linear in nature
and only apply to one set of parameter values (one point in parameter space).

Once the gradient and Hessian have been computed the optimization
procedure is begun. Optimization of the cost function using the gradient and
Hessian approximation at one point is called an iteration. Thus each iteration
is made up of an optimization which in turn is composed of a set of
optimization steps. The entire estimation is made up of a series of iterations.

At the start of each iteration SCIDNT reports the current cost function value,
the value of the MAXCOS convergence parameter, and the values for a
Newton step. A Newton step may never be taken, but this information
allows the user to evaluate the accuracy of the Hessian approximation. The
Newton step information is composed of the value of each parameter, its
standard deviation estimate, the gradient of the cost function with respect to
it, and the normalized step which would be taken. SCIDNT also reports the
norm length of the Newton step, and the predicted change in the cost
function for the Newton step.

SCIDNT then begins the optimization with a step the length of which is
determined by the RADIUS value. The optimization then proceeds as
.described in Section 5, with the result of each trial step being reported by
SCIDNT. The length of the step and the change in the cost function value are
output. If an improvement occurs the step will be accepted and a new
iteration will be begun. This means a new gradient and a new Hessian will be
computed, and another optimization begun.
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For each step in an optimization the value of DOGLOC is echoed to tell the
user if the step taken represents a step in the Newton, gradient, or dogleg
direction. (See Section 5.3 for a description of the optimization procedure and
these terms.) Similarly the value of MAXCOS gives a measure of the degree
of convergence achieved. MAXCOS is the maximum of the cosines of the
angles between the column space of the Jacobian transpose and the residuals.
At a singular point, these vectors will all be perpendicular, thus the cosines
will all be zero. Therefore as the estimation nears convergence, the
maximum cosine (MAXCOS) will approach zero. MAXCOS provides a
measure of convergence which is always between 1 and 0. (MAXCOS = 0.05 is
a good value for convergence in most cases.)

When convergence is achieved, or the maximum number of iterations or
steps (as set by the user) is reached, SCIDNT will stop and give a summary of
the estimation. If the code stops due to convergence, the user will be
informed of this and the convergence parameter limit which was reached
will be reported. If the run ends due to an iteration or step limit, the user
must realize this by lack of any other message and the knowledge that the
maximum number of one of these two items was reached. Upon completion
of an estimation run SCIDNT will report the final parameter values, the
value of the cost function and the eigen analysis of the Hessian.
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