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Sparse Distributed Associative Memory for the Identification
of Aerospace Acoustic Sources
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Virginia Polytechnic Institute and State University, Blacksburg, Virginia 24061

A pattern recognition system has been developed to classify five different aerospace acoustic sources. The
system consists of one microphone for data acquisition, a preprocessor, a feature selector, and a classifier. In
this paper the performances of an associative memory classifier and a neural network classifier are compared
with the performance of a previously designed system. Source noises are classified using features calculated from
the time and frequency domain. Each classifier is trained to classify source noises correctly using a set of known
sources. After training, the classifier is tested with unknown sources. Results show that over 96% of the sources
were identified correctly with the new associative memory classifier. The neural network classifier identified over
81% of the sources correctly.

Nomenclature
dj = desired output for node j
d(y) = decision function
€j = excitation of y'th processing element
t = time
Uj - input feature or activation of node on previous layer
w/, = weight connecting nodes i and j
x = known pattern vector
jc/ = ith feature of known pattern vector
y = unknown pattern vector
yi = ith feature of unknown pattern vector
Zj - actual output for node j
dj = error term for node j
6j = threshold of node j
cow = class n

Introduction

I N recent years an increased volume of air traffic at airports
has significantly increased noise annoyance, as well as the

difficulty in monitoring the offending noise sources. There-
fore, a system that could automatically identify aerospace
acoustic sources would be useful for monitoring airport noise.
The system must be able to distinguish between surface and
aerospace vehicles. Potentially, this system could monitor air-
port noises and identify excessively noisy aircraft.

An automatic pattern recognition system was previously
developed1'2 to identify jets, propeller planes, helicopters,
wind turbines, and trains. This original system was based on
linear discriminant functions and successfully identified the
five sources about 91% of the time. The present paper dis-
cusses improvements to the original pattern recognition sys-
tem1'2 by the use of an associative memory classifier based on
sparse distributed memory3'4 and a classifier based on artificial
neural networks.5'6 These classifiers use sophisticated pattern
recognition techniques to classify the different acoustic
sources. Each system is simulated with a Fortran program and
tested with data from recordings of the acoustic signatures of
the five vehicles.
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Pattern recognition systems (PRSs) have many applications,
from reading the account numbers on checks to classifying
handwritten characters.7'8 PRSs have also been used for medi-
cal research9 and nondestructive evaluation of various struc-
tures.10'11 PRSs can be used for identifying different acoustic
sources1'2'12'13 as well as source types, such as different heli-
copters.14 .

The classifiers presented in this paper are designed to clas-
sify an unknown aerospace acoustic source as being either a jet
plane, propeller plane, helicopter, train, or wind turbine, us-
ing data gathered from a single microphone. Given the com-
plex nature of the classes under consideration, the pattern
classifiers are trained to recognize the sources by presenting
known patterns and allowing the classifiers to learn to identify
these patterns correctly. Different training algorithms avail-
able for each classifier will be discussed in later sections.

Pattern Recognition Theory
In pattern recognition theory there are three basic methods

of classification5: membership roster, common property, and
clustering. The membership-roster method compares an un-
known pattern with known training patterns. The unknown
pattern is classified if it is sufficiently similar to one of the
known patterns, as shown in Fig. 1. An unknown pattern that
is corrupted by noise or that has been scaled to a different size
may be incorrectly classified using this method.

The common-property and clustering methods do not iden-
tify the entire pattern but instead identify a set of features that
quantifies characteristics of the pattern. Several features are
chosen to describe the patterns, and these features are assem-
bled into a vector. The resulting feature vector reduces the
degrees of freedom of the problem and reduces the sensitivity
of the classifiers to insignificant variations in the patterns.

The common-property method compares the feature vector
of an unknown pattern y to the feature vector of each known
pattern x. The class of an unknown pattern is the same as the
class of a matching known pattern.

The clustering method uses the n -element feature vector to
locate a point corresponding to the pattern, or noise source for
the present work, in n -dimensional space. Patterns of the
same class should cluster in the same compact region of n -di-
mensional space if the features are chosen well. Figure 2 shows
an example of class clusters in a two-dimensional feature
space, where each axis corresponds to one of the features. The
clustering method is least sensitive to variations in the pat-
terns; hence it is the basis for all three classifiers considered in
this work.

Class clusters are generated using a set of training patterns
of known class membership. After the class clusters are
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Fig. 1 Membership-roster classification.
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Fig. 2 Class clusters.

formed, the class of an unknown pattern can be determined.
One method for identifying unknown patterns uses discrimi-
nant functions, also called decision surfaces, that are placed
between the class clusters. The class of an unknown pattern is
determined by its position relative to the decision surface. For
example,

j > € c o ! if d(y) > 0 or y € co2 if d(y)<0 (1)

In the example shown in Fig. 2, a straight line or linear
discriminant function completely separates the two clusters.
Meshed clusters, shown in Fig. 3, are not linearly separable
and must be separated with a nonlinear discriminant function.
Artificial neural networks, described later in this paper, can
form nonlinear separating surfaces.5'6

Distance functions can also be used for determining the
class of an unknown pattern. Each class is represented by a
prototype, and the class of an unknown pattern is determined
by finding the closest prototype or prototypes.3 The associa-
tive memory classifier discussed later is based on the distance
function method.

System Design
A PRS consists of several parts as shown in Fig. 4. The first

part is data acquisition, where properties of a pattern are
measured by an appropriate method, such as a recording of
the acoustic pressure at a microphone. The measured data are
then preprocessed, filtered, digitized, and transformed as
needed. In the current work, the output of a single, ground-
based microphone was low-pass filtered at 2.5 kHz to reduce
aliasing and to eliminate high frequencies that are less useful
for identifying vehicle noise. The signal was digitized at a
convenient sampling rate of 7812.5 Hz. The sampled data
were broken into blocks of 4096 points, each of which con-
tained about one-half second of sampled data. The source
noise was considered to be stationary for this half-second
period. Each block of data was then transformed into the
frequency domain to produce the power spectral density
(PSD) of the signal.

Three types of features were calculated from the PSD to
describe the distribution of power as a function of frequency.
Partial powers, ratios of partial powers, and accumulated
power points were calculated.10 Partial powers describe the
percentage of power in a large band, such as 0-500 Hz, present
in a portion of that band, such as 0-150 Hz. Ratios of partial

powers describe the relationship between two partial powers.
An accumulated power point is the frequency at which some
percentage of the power in a band is located, when the power
is accumulated up from the bottom of the band. For example,
an accumulated power point could be used to describe the
frequency at which 50% of the power in the 0-2500-Hz band
is located, when the power is accumulated up from 0 Hz. The
frequency ranges and percentage points were varied to pro-
duce 105 features. Two other features were calculated from
the autocorrelation, and one feature described the number of
peaks exceeding a threshold in the PSD, for a total of 108
features.

A large number of features could be calculated for the
current problem; however, a small set of features is better
because it has less redundancy among features and has re-
duced computational requirements.15 A general purpose re-
duction intensive (GPRI) feature selector was used to select a
good set of features from the 108 candidate features.15 The
feature selector tested many combinations of features using
two small sets of data: one set to train a classifier and another
to evaluate the performance of the classifier.

The feature selector optimized the classifier performance
for a given number of features, which was varied from 4 to 10
features.15 The best set of features was a function of the
number selected from the candidate list. For example, the best
set of five features chosen using the GPRI algorithm may or
may not contain the same features as the best set of four
features.

The fourth element of a PRS is the classifier that identifies
a pattern as belonging to one of the pretrained classes.

Associative Memory Classifier
The first classifier discussed in this paper is based on an

associative memory that recalls the contents of a memory
location when an address "close to" that location is queried.
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Fig. 3 Meshed clusters.
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Fig. 4 Pattern recognition system components.
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For the current application, the memory locations correspond
to stored training patterns; hence an unknown pattern is clas-
sified based on the closest training pattern, much like a dis-
tance function method. A memory location or address can be
noisy or have small errors and still recall the correct data in an
associative memory, unlike in the random access memory of a
computer.3

Memory locations are specified by n-bit addresses, where
the address of a pattern is the feature vector of that pattern.
The class of an unknown pattern is found by examining the
classes of patterns with nearby addresses, as shown in Fig. 5.
In a sparse distributed memory (SDM), the memory locations
do not usually correspond to the exact locations of the training
patterns but instead are sparsely distributed throughout the
feature space.3'4 The class of a training pattern is stored at
memory locations near the address of that training pattern. In
the current work, the SDM implementation was modified such
that the memory locations did correspond to the addresses of
the training patterns.

The SDM algorithm can be implemented in the structure
shown in Fig. 6 to take advantage of parallel processing.4 The
structure consists of an input layer containing the feature
vector of a pattern, a hidden layer containing one processing
unit for each memory storage location, and an output layer.
Each unit in the output layer corresponds to one of the pattern
classes.

To store or recall the class of a pattern from the memory,
memory storage locations near the address of that pattern are
first activated. The feature vector of that pattern is applied to
the inputs of the SDM, and the activation or excitation level of
each memory storage location is calculated,

1.0
(2)

The greater the excitation, the closer the memory location is to
the input pattern. All of the memory locations with an excita-
tion greater than a threshold are activated. The weights be-
tween the activated memory locations and the outputs are then
summed and thresholded. The output unit with the highest
value corresponds to the class of the input pattern.3'4

SDM training requires only two passes through the training
data. First, each training pattern is assigned to a hidden unit.
The feature vector of each training pattern is stored in the
weights between the inputs and the hidden unit assigned to the
pattern. After all of those weights are set, the entire set of
training patterns is presented a second time to set the weights
between the hidden units and the output units. Each training
pattern is input to the SDM, activating a number of hidden
units. The weights between active hidden units and the output
unit corresponding to the class of the training pattern are
incremented, whereas the weights between activated hidden
units and output units corresponding to other classes are
decremented.

0 class A
D O

class B D

unknown

nearness
threshold

Fig. 5 Memory locations in n -dimensional space.

Input layer
(address of
unknown)

Hidden layer
(memory
locations) Output layer

(memory
contents)

Addresses ^ Memory
aggresses contents

Fig. 6 Parallel structure for an SDM classifier.
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Fig. 7 Feed-forward neural network.

A set of 126 recordings was available for training and test-
ing the system. The set contained recordings of 69 jets and 25
propeller planes, 9 recordings of a helicopter, 11 recordings of
a train, and 12 recordings of a wind turbine. The propeller
planes were recorded both landing and taking off.

The classification system was tested in two stages to achieve
maximum use of the noise recordings. First, the classifiers
were trained and evaluated using a leave-one-out procedure.
For this procedure, 10 patterns were chosen from each class
except the helicopter, which had only 9 patterns. Each classi-
fier was trained with 48 of those patterns and then identified
the 49th pattern. This procedure was repeated 49 times. Next,
the system was trained with all 49 patterns, then tested with
the remaining 77 patterns. The performance of each classifier
is given as the total percentage of test patterns correctly identi-
fied by each classifier.

Neural Network Classifier
The second classifier is an artificial neural network that

generates nonlinear surfaces to separate the class clusters.5'6
The structure of a multilayer feed-forward neural network is
shown in Fig. 7. The network consists of an input layer, a
hidden layer, and an output layer, all of which are connected
by weights. Although the structure of the neural network is
similar to the parallel SDM, the computations are very differ-
ent. The input units of the network are set to the feature vector
of the current pattern, and each hidden and output unit com-
putes a linear summation,

(3)

which is then passed through a squashing or sigmoid function
to produce an output Oj

<*i ='
1.0

(4)
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Fig. 8 Combined class results.

The nonlinear squashing functions in each hidden and output
unit allow the network to form nonlinear surfaces to separate
meshed clusters, like those shown in Fig. 3.

The weights in the neural network are calculated using a
gradient descent training algorithm called the backpropaga-
tion algorithm.5'6 Backpropagation calculates incremental
weight corrections to reduce the error between the actual and
the desired outputs of the network.

At the beginning of training, the weights in the network are
randomly initialized with small values. The feature vector of a
training pattern is set at the network input, the network output
is computed, and an error is calculated between the output of
the network and the desired output. The error between the
network output Zj and the desired output dj is used to modify
the weights to reduce the error. Using Eq. (5), the new value
for a weight w# is

(5)

where rj and a are training parameters.5 The term a is called a
momentum term, set to 0.7 for training. The term 17 is a gain
term set to 0.5 for the hidden unit to output unit weights and
0.7 for the input to hidden unit weights. The superscript t
denotes the iteration number; hence w^"1 is the value of
weight w// at the previous pattern presentation. The term 6, is
called the error gradient for unity. The error gradient for the
hidden units to the output units is

(6)

For the weights connecting input units and hidden units,

(7)

In Eq. (7), 6, is a function of the error gradients dk in the
next highest layer, hence the name backpropagation of er-
rors.5'6

The weights are incrementally adjusted after each training
pattern using Eq. (5), so several passes through the training
data are usually required before the output error is signifi-
cantly reduced. The momentum and gain terms affect the
speed and stability of convergence.

Backpropagation learning is most efficient if the training set
contains the same number of patterns per class and those
patterns are presented in alternating order by class. The train-
ing set described in the previous section contained 10 jets and
5 each of the other sources, so the other sources were pre-
sented to the network twice as often during training. The

neural network was tested with the remaining 96 sources after
100 passes through the entire training set, at which point the
mean square output error was approximately one-fourth of
the error at initialization. A threshold was used for interpret-
ing the output of the neural network since the network was
trained for such a short time. If the output of a unit was
greater than 0.5, then it was considered high; if it was less than
0.5, it was considered low. A pattern was classified according
to the unit with the high output.

The neural network required much longer training times
and more training data than either the SDM or linear discrim-
inant classifiers, and so the network performance was not
optimized as the other classifiers were. In particular, feature
selection was not done with the neural network; instead the
features selected during SDM training were used. Addition-
ally, the number of hidden units in the network was deter-
mined using a simple trial and error method instead of using a
more thorough optimization process. The number of hidden
units in the network varied from 12 units for the 4-feature case
to 24 units for the 10-feature case.

Linear Discriminant Function Classifier
The third classifier discussed in this paper is a linear dis-

criminant function (LDF) classifier, previously applied to this
problem.1'2 The training and testing of the classifier is de-
scribed in Refs. 1 and 2. The classifier separates clusters in
n -dimensional space using linear surfaces, described by Eq.
(8),

(8)

Two configurations of the linear classifier were tested in the
original work. The first variation, called LDF2 in the figures,
used a tree classification structure. The tree structure consisted
of several layers of cascaded classifiers; on the first layer a
pattern was classified as either a ground source or an aero-
space source. If classified as an aerospace source, the pattern
was then classified as either a fixed-wing aircraft or a heli-
copter. If classified as a fixed wing, the pattern was then
classified as either a jet plane or a propeller plane. If first
classified as a ground source, the pattern was then classified as
either a train or a wind turbine. The other linear classifier,
called LDF3, used a single level classifier that immediately
classified a pattern into one of the five source classes. The
structure of the LDF3 classifier was similar to the structure of
the associative memory and neural network classifiers.
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Fig. 9 Jet results.
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Fig. 10 Propeller plane results.
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Fig. 11 Helicopter results.

Results
Combined Classes

The SDM recognized a higher percentage of patterns from
all five source classes than any of the other classifiers, as
shown in Fig. 8. The plot in Fig. 8 indicates the percentage of
test patterns correctly identified as a function of the number
of features. The recognition rate of the SDM classifier ranged
from 92.1 to 96.8% correct and dropped slightly when using
eight features. The drop in recognition rate will be discussed in
the section on recognition of propeller planes.

The performance of the neural network was more sporadic
than the SDM on all of the source classes, with the percentage
of the correct recognitions ranging from 11.5 to 81.3%. The
wide range of recognition rates could have been caused by
insufficient training time and poor feature selection. In spite
of this drawback, the neural network still outperformed LDF3
in three of the seven cases.

Jets
The SDM recognized between 89.9 and 98.6% of the jets, as

shown in Fig. 9, exceeding the performance of the other
classifiers in all of the cases. These results are very encourag-

ing because of the very large number and diversity of record-
ings of jet planes. The results are not as good for the neural
network classifier, ranging from a high of 84.7% correct with
five features to a low of 0.0% correct with nine features.
Again, the wide range of rates is probably due to incomplete
training and poor feature selection.

Propeller Planes
The results for the propeller planes are shown in Fig. 10.

The performance of the associative memory classifier ex-
ceeded that of the linear discriminant classifiers except for the
8-feature case. Using practical knowledge gained during the
experiment, eight alternative features were selected and the
associative memory classifier retested. The recognition rate
improved from 44% correct to 88% correct, demonstrating
the sensitivity of classifier performance to the feature set.

Classifier performance is also sensitive to variations in pat-
terns not accounted for in the training set. For example, the
SDM was trained with takeoff recordings of propeller planes,
then tested with the remaining takeoff and landing recordings.
The signature of a plane will vary depending on whether or not
it is ascending or descending. The SDM correctly classified
89.3% of the takeoffs and 83.3% of the landings, which
demonstrates that the SDM is robust to some variations in
source characteristics.

Although the performance of the neural network was again
sporadic, the network did outperform the SDM for the 8-fea-
ture case. This difference in recognition rates is significant
because the classifiers used the same eight features but
achieved very different recognition rates.

Helicopters
Recognition rates for the helicopters are shown in Fig. 11.

The SDM classifier correctly identified all of the helicopter
patterns regardless of the number of features. The neural
network was not as consistent, correctly identifying 100% of
the patterns for the 10-feature case but not recognizing any for
the 9-feature case. The performance of both classifiers was
most likely affected by the small number of helicopter record-
ings available for training and testing.

Trains
The associative memory classifier had its worst performance

classifying trains, as seen in Fig. 12. The recognition rate
reached 100% for the 8- and 10-feature cases but dropped to
81.8% for all of the other cases. For the cases in which only
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Fig. 13 Wind turbine results.

81.8% of the trains were correctly identified, the classifier
misidentified the same set of train recordings, indicating that
those recordings did not cluster near the rest of the train
recordings but instead formed their own cluster when certain
features were used for identification. The performance of the
associative memory was not as good as the performance of
either LDF2 or LDF3.

The recognition rates for the neural network were also
worse than LDF2 and LDF3. As with the helicopters, the
recognition rate was affected by the small number of record-
ings available for training and testing.

Wind Turbines
The associative memory classifier is a definite improvement

on the linear discriminant classifiers for identifying wind tur-
bine recordings, as seen in Fig. 13. The SDM correctly recog-
nized all of the patterns regardless of the number of features
used. The neural network also outperformed the two linear
discriminant function classifiers.

Conclusions
Associative Memory Classifier

An associative memory pattern recognition system was de-
signed to identify the sounds of jets, propeller planes, heli-
copters, trains, and wind turbines. The memory classifier was
studied as an improvement to a previously designed and tested
linear discriminant function classifier.

1) The associative memory classifier is capable of classify-
ing over 96% of the sources correctly. The linear discriminant
function classifier could only identify 91% of the sources
correctly.

2) The memory classifier can generalize well to novel pat-
terns. The system classified at least 90% of the jets correctly
after being trained with samples from all nine types of jets.
Patterns generated from takeoff recordings of the propeller
planes were correctly identified 89.3% of the time, and those
taken from landing recordings were correctly identified 83.3%
of the time, even though the system was trained only with
patterns from takeoff recordings. The linear discriminant
function classifier, which classified 91 % of the takeoff record-
ings correctly, only classified 37% of the landing recordings
correctly.1'2

3) The memory classifier had trouble identifying certain
patterns regardless of the features used. For example, one jet
recording was consistently classified as a propeller plane, pre-
sumably because the pattern from this recording was not
located near a cluster of other jet patterns.

4) Other sources were easily classified because their acous-
tic signatures are very different from the other source classes
but do not vary much among themselves. The wind turbines,
for example, form a compact cluster, separated from the other
class clusters.

5) The feature selector works well; however, the chosen
feature set is not necessarily optimal, as demonstrated by the
drop in performance for the memory classifier using eight
features. Overall, the number of features did not significantly
effect the performance of the classifiers, indicating the fea-
tures and the selector need to be optimized.

Neural Network Classifier
The neural network classifier was also studied as an im-

provement on the linear discriminant function classifier. Al-
though the neural network could not identify as many patterns
as the SDM, certain conclusions can be drawn.

1) The performance of the neural network system was ad-
versely effected by incomplete training, as demonstrated by
the drastic changes in performance as the number of features
changed. This occurred because a neural network trains at
different rates, depending on the number of features and on
the initial weight values, so some networks converge more
quickly than other networks.

2) The feature sets that work well for one type of classifier
will not necessarily work well for another type. This is illus-
trated in Fig. 10. With both classifiers using the same eight
features, the neural network outperforms the associative
memory classifier by almost 50%, but with nine features the
memory outperforms the neural network by over 90%.

3) Further work should be done with the neural network
classifier to study the effects of training time, feature selec-
tion, and a more thorough testing process.
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