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Table 1 Singular values of Berman’s AM matrices for the second case (noisy data)

Number of measured modes m

1 2 3 4 5 6 7 8 9 10
0.0219 0.0390 0.0739 0.1001 0.1001 0.1001 0.1001 0.1001 0.1001  0.1001
0.0000 0.0085 0.0134 0.0133 0.0134 0.0250 0.0249 0.0250 0.0250  0.0250
0.0000 0.0000 0.0029 0.0030 0.0036 0.0058 0.0074 0.0100 0.0198  0.0199
0.0000 0.0000 0.0000 0.0024 0.0025 0.0032 0.0032 0.0036 0.0099  0.0101
0.0000 0.0000 0.0000 0.0000 0.0002 0.0003 0.0005 0.0006 0.0007  0.0009
0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0002 0.0005 0.0007  0.0007
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0002 0.0006  0.0006
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0003  0.0003
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001  0.0001
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000  0.0001

man’s AM matrices were determined by the singular value decom-
position and are plotted in Fig. 2, where it can be seen that the rank
of Berman’s AM matrix was 3 when three or more measured
modes were available.

The second case study was carried out on the same analytical
model. In this case mass errors at points 2, 3, 5, and 8 and stiffness
errors between points 2 and 3, 5 and 6, and 6 and 7 have been in-
troduced. Berman’s AM matrices were calculated using 1-10
modes for the actual system and their ranks were determined by
the singular value decomposition. Again, the rank of Berman’s
AM matrix was equal to the number of mass error sites when suffi-
cient (four or more) measured modes were available and was not
affected by the number of stiffness errors made on the structure.
Table 1 shows the singular values of Berman’s AM matrix when
the measured mode shape vectors were contaminated by 2% Gaus-
sian random error. It can be seen that the numerical rank was 4
when four or more measured modes were available. A careful def-
inition of numerical rank has been given in a paper by Golub et al.’
The essential idea is briefly described as follows. We were going
to look at the nonzero singular values of Berman’s AM matrices
and chose a number J as a zero threshold. The choice of § was
based on measurement errors (information about the uncertainty of
the measured data) incurred in estimating the coefficients of those
Berman AM matrices. In this case 2% random error was applied to
the measured mode shape vectors so that by considering the
roundoff and the measurement errors in the matrix computation
the value of § was set to 0.02 times the spectral norm of Berman’s
AM matrix.

IV. Concluding Remarks

It is proved that in general Berman’s AM matrix is a projection
of the actual mass error matrix in an n X n subspace when suffi-
cient modes are available. And so the number of mass error sites
can be determined when Berman’s AM matrix is factorized using
the singular value decomposition. This technique would not be af-
fected by the number of stiffness errors for any system. If the mea-
sured mode shape vectors are slightly contaminated by measure-
ment noise, the numerical rank can be used as an indicator for the
number of mass error sites. The noise introduced in the measure-
ment of natural frequencies will not affect the determination of
Berman’s AM matrix and hence has no effect of its rank.

On the contrary, Baruch’s AK matrix is able to determine the
rank of an actual stiffness error matrix only when sufficient modes
are available and the correct mass matrix is used. This is because
Baruch! derived his formula using a known symmetric positive
definite mass matrix, so inherently the correct mass matrix was
used to obtain the Baruch’s AK matrix. His formula for a stiffness
error matrix is given as follows:

[AK ] 2 —[K, 1101101 [M,] - [M,][®1[®]"[K,]
+ [M,1[®][®] 1K, [®][®] [M,]
+[M,1[@1[Q][®]7[K,]

From the preceding equation, one can observe that if both sets of
measured natural frequencies and mode shape vectors are contam-

inated by measurement noise, the rank of Baruch’s AK matrix may
be affected.
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Modeling Using Vector Quantization

Timothy F. Doniere* and Atam P. Dhawant
University of Cincinnati, Cincinnati, Ohio 45221

Introduction

RTIFICIAL neural networks have been used to model Space

Shuttle main engine (SSME) sensor parameters.!? A neural
network sensor model predicts the value of the sensor parameter
based on a selected set of other sensor measurements. The errors,
or differences between the values predicted by the model and the
actual sensor values, provide information on the health of the
Sensor.

Developing accurate models is particularly difficult due to the
highly complex, nonlinear nature of SSME, the limited suite of
measured parameters, and the large variability of behavior among
engines of the same design. Neural networks are well suited for
problems in which the exact relationships between inputs and out-
puts are complex or unknown, if the system state is sufficiently
represented in the inputs.® Feedforward neural networks have been
effectively used to model critical parameters of the SSME during
the startup transient.*
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In time series prediction using a function approximator model, a
time window of each input parameter is typically used to provide
time dependent information. The size of the window multiplies the
number of inputs to the network. To insure good generalization by
the model, data from a number of the SSME test firings must be
utilized in training. This results in a large number of training vec-
tors particularly when a time window for each input parameter is
used. A large set of training vectors not only causes excessive
training times, it may also result in nonconvergence of the network
model. Therefore, it is desirable to obtain a reasonable number of
training vectors which are derived from several SSME test firings.

In this Note we provide a data compression scheme using the
learning vector quantization (LVQ) algorithm.® The design issues
and methodology to model a SSME parameter, the high pressure
oxidizer turbine discharge temperature, are presented. A feedfor-
ward neural network architecture with the QuickpropS training
algorithm is used to develop the sensor model. The Quickprop
training algorithm was derived from the standard backpropagation
algorithm.” Its advantage over standard backpropagation is that it
typically trains an order of magnitude faster. The performance of
this sensor model trained with full data is compared with the per-
formance of the sensor model trained with the data reduced using
the LVQ algorithm. In addition, the LVQ paradigm is also investi-
gated as a sensor model. The performance of LVQ model is com-
pared with the feedforward neural network model.

Learning Vector Quantization

LVQ is an auto associative, supervised nearest-neighbor classi-
fier. Using competitive learning, this paradigm can classify the
input vector as one of the output classes by developing decision
surfaces in the multidimensional feature space. It is a special case
of the self-organizing feature map’ which optimally assigns K ref-
erence vectors m; such that the density of each m; best represents
the density function p(x).

In general, the LVQ network can be implemented by a two-layer
feedforward topology consisting of an input and an output layer.
The output layer contains the codebook vectors which can be ini-
tialized using either K random vectors or arbitrary samples taken
from the data set. Alternately, vectors chosen from the data set
based on a priori knowledge can be used to initialize the codebook
vectors. This procedure may provide faster convergence and better
performance. In the learning process, the training vectors are itera-
tively presented to the input layer. When an input vector is pre-
sented it is compared with the codebook vectors. The error
between the input vector and the nearest (Euclidean distance)
codebook vector is computed. Based on the learning rate, a small
part of this error is used to update the codebook vector such that
the codebook vector more closely resembles the input vector. The
iterative process of training is continued until an error criterion is
reached.

The mathematical representation of the learning paradigm just
described is outlined as follows:

m(t+ D=m(t) + o) [x(F) — m(t)]
where

¢ = arg min |x —m|
i

and 0 <o (?) < 1. The learning rate o(¢) is linearly decreased as the
number of iterations increases.

Application to Space Shuttle Main Engine Data

In the LVQ model of the SSME temperature parameter, assume
that there are » SSME parameters to be used as inputs. Each vector
will contain (n+ 1) elements, where the (n+ 1)th element is the
label for that vector. The label represents the value of the modeled
parameter. The input layer of the LVQ network will contain (n+ 1)
nodes. The output layer will consist of K nodes depending on the
ratio of data compression. The data used in the models are normal-
ized to insure that all inputs have an equal chance of affecting the
output.

The result of training the LVQ network is a set of vectors called
the codebook vectors. The density of the set of codebook vectors
represents the density of the set of training vectors. The codebook
vectors can then be used as a training set for other neural network
paradigms or directly used to estimate the desired parameter.

The LVQ estimator scheme uses the codebook vectors to esti-
mate the desired parameter. Each input pattern is presented to the
network, and a neighborhood of the closest codebook vectors is
found. The estimate is computed from a nonlinear sum of each
codebook vector label. The weight of each label is a function of the
distance of the codebook vector from the input vector. This
scheme was described by Szewczyk and Hajela.?

Results and Discussion

Four SSME ground test firings were used for training, for a total
of 560 training vectors. Seven SSME test firings were used as val-
idation sets. A time window of five past values was used for each
input variable. To evaluate the performance of the compressed
training data, feedforward neural networks were trained using the
Quickprop training algorithm. Each network had one hidden layer
with 10 processing units. The training data was compressed to
50% and 20% of the original data. This is accomplished by using
280 and 112 codebook vectors, respectively. The codebook vec-
tors were initialized using samples from the training set. For each
compression ratio, the neurdl network model for the SSME tem-
perature parameter was evaluated using the seven validation sets.

Table1 Error statistics for the training and validation sets for the
Quickprop trained with full data, 50%, and 20% of the data

Full 50% 20%
Test No. Nrms Max% Nrms Max% Nrms Max%
1060 0.021 7.531 0.028 13.052 0.029 14.015
1066 0.018 4.284 0.024 7.564 0.023 7.410
1070 0.023 6.006 0.024 10.257 0.024 9.942
1077 0.014 5.532 0.014 7.957 0.015 7.955
1061 0.013 7.352 0.021 13.896 0.023 15.029
1062 0.022 6.872 0.026 11410 0.027 12405
1063 0.024 6.060 0.029 9.189 0.028 8.909
1067 0.024 5.180 0.029 7.242 0.029 7.516
1071 0.042 14.958 0.050 16.575 0.050 16.102
1072 0.027 4.946 0.027 9.162 0.028 9.367
1075 0.021 8.799 0.027 14.198 0.029 14.059

Table1l Error statistics for the training and validation sets for the
LVQ estimator trained with full data, 50%, and 20% of the data

Full 50% 20%
Test No. Nrms Max% Nrms Max% Nrms  Max%
1060 0.001 0.147 0.013 7.191 0.019 8.392
1066 0.000 0.067 0.007 4.132 0.014 4.417
1070 0.000 0.088 0.009 4.897 0.017 5.653
1077 0.000 0.102 0.009 5.538 0.011 4.891
1061 0.017 10.950 0015  8.834 0.015 9.540
1062 0.014 5.450 0.015 5.872 0.018 8.276
1063 0.022 8.104 0.023 7.310 0.023 7.621
1067 0.019 7.626 0.020 6.604 0.021 6.195
1071 0.027 12241 0.029 15.749 0.035 15993
1072 0.017 7.735 0.017 7.201 0.022 6.217
1075 0.017 10.896 0.020 10.903 0.022 11.025

Table 3 Training time, CPU s

Compression Backpropagation
ratio LVQ Backpropagation +LVQ

1:1 —— 519 519

2:1 135 263 398

5:1 57 107 164
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The errors associated with the network models are represented by
the normalized root mean square (nrms) error and the maximum
percent error. The nrms error is the typical rms normalized using
the sum of squares of the desired outputs. The error statistics
reported represent the average statistics for 10 networks trained
with different weight initializations. Table 1 contains the error sta-
tistics for Quickprop trained with the full training set and the com-
pressed training sets. Table 2 contains the error statistics for the
LVQ estimator using full and compressed training sets. The first
four rows in each table are for the training data.

Training times are shown in Table 3. The first two columns
show the training times for LVQ and Quickprop. The last column
indicates the total training time, that is, the time to reduce the train-
ing set added to the time for Quickprop training using the reduced
training sets.

Conclusion

In this investigation, the issue of reducing the training time of a
feedforward neural network with backpropagation was addressed.
To improve training efficiency, the networks were trained on a
reduced data set. The data reduction was obtained using the LVQ
algorithm. Various compression ratios were investigated to com-
press the training data. The impact of various compression ratios
on training was analyzed through the comparison of error statistics
on the validation data.

It was demonstrated that the compressed data set could be used
to train other networks or as the codebook set for the LVQ estima-
tor. It should be noted that the LVQ, when used as a neural net-
work model, can provide much faster estimation. However, the
output of the LVQ estimator was noisy with larger errors. These
errors are primarily because of artifacts introduced by the forma-
tion of the codebook vectors. If an acceptable interval of errors in
estimation is predefined, the noise in the output of the LVQ estima-
tor can be controlled by designing an appropriate number of code-
book vectors. Thus, if the estimation time is of primary concem,
the LVQ neural network model could be used as an estimator.

It can be concluded from the presented investigation that the
training efficiency of the feedforward neural network model can
be improved by reducing the training data using the LVQ algo-
rithm. As training data was reduced, there was a comparatively
small increase in the errors, whereas the training times were
decreased significantly. It should be noted that such an improve-
ment in efficiency by reducing the training time may be very use-
ful for very large data sets, such as the data compiled during the
SSME mainstage operation.
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Introduction

AILURE of stiffened shells in a general instability mode oc-

curs when the spring constant of the transverse stiffening
frames is reduced below a minimum necessary value for the con-
finement of instability failure between adjacent frames. Under
such conditions, general instability failure can be spread over a
number of frame spacings in a waveform shape described as an
“inward bulge” occurring at the extreme compression fibers. A
comprehensive discussion of the complex problem of general in-
stability of stiffened shells in bending, pressure, torsion, transverse
shear, and combined bending ard torsion has been reported by
Becker.! His formulation of the problem, based on a correlation of
analytical and experimental results obtained prior to 1958, has be-
come the backbone of most of industry’s standard design manuals,
e.g., Bruhn.? Furthermore, a number of analytical and experimen-
tal studies on the subject of general instability of stiffened or un-
stiffened shells with or without cutouts are available.>* For design
purposes, Shanley” has proposed a simple criterion which is based
on a correlation of analytical results obtained from a simplified
model and experimental data. Similar criteria have also been pro-
posed by Gerard® and Hoff.” However, one should be aware of the
fact that all of these general instability criteria are based on tests
which may not be representative of contemporary fuselage de-
signs.®® Despite the criticism, Shanley’s criterion remains in gen-
eral use due to its simplicity, its direct correlation to experimental
data, and the relatively few and easily obtainable factors involved
in the calculations. However, one distinct limitation of the afore-
mentioned criteria is that they are not directly applicable to incom-
plete frames at locations where substantial fuselage cutouts, such
as cargo doors, are present. In this work, a simple analytical proce-
dure is presented which may be useful in checking the design of
the stiffening frames of cylindrical fuselages, with or without
cutouts, for failure by general instability under bending conditions.
The proposed formulation traces the basic steps of Shanley’s
original work for complete circular frames and extends it to in-
complete frames, with or without edge stiffeners at the perimeter
of the cutout.

Formulation
Simplified Model
The basic model used in Ref. 5 for general instability of a fuse-
lage structure is a spring-bar assembly such as the one shown in
Fig. 1. The horizontal bars represent the sheet-stringer elements
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