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Attorney Docket No. 79833
PROBABILITY DISTRIBUTION CLASSIFICATION PROCESSOR

STATEMENT OF GOVERNMENT INTEREST
The invention deécribed herein may be manufactured and used
by or for the Government of the United States df America for
governmental purposes without the payment of ény royalties

thereon or therefore.A‘

CROSS REFERENCE TO OTHER RELATED APPLICATIONS

Not applicable.

| BACKGROUND OF THE INVENTION

(i).Field,of the Invention

The present invention relates geﬁe;élly to classifying
probability distributions and, more partiéularly( to a neural
network system and method for processing randém data with an
unknown probability distribution function to thereby classify the
best repreéented érobability distribution thereof.
(2) Description of the Prior Art

The basié prior art technique for,élassifying probabiiity

distributions involves the use of the histogram. The purpose of

_a histogram is to graphically summarize thekdistributioﬁ of a

data set. The histogram graphically attempts to show the
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following: the center (i.e.,'the_location) of the data, the

~spread (i.e., the scale) of the data;-the skewness'Of the data,

the presence of outliers, .and the presence of multiple modes in

the data. One disadvantage of the histogram technique is that

refinéments must often be made in the data interval sizes td

classify the distribution, which often involves a.trial and error

approach. Another disadvantage is the time-consuming requirement

for visual examination of the features of the histogram to

provide indications of the proper distributional model for the

data so that a hypothesis can be formed as to the type of

distributional model. Mathematical means of confidence such as
the probability plot or a goodness-of-fit test can then be used.
to verify the hypothesized distributional mode1.

- After obtaining a-hypothesis utilizing the histogfam, the
probability plot is a graphical technique for aséessihg whether

ofenot a data set follows a given distribution such as the nbrmal

or'Weibull. The data are plotted against a theoretical

distribution in such a way that the points should form
approximately a straight iine. Departures from this_sfraight
line indicate depaftures ffom the specified‘distribution. The
correlétion coefficient associated with the lineér fit to the
data in the probability plot is a measure of the goodness of the
fit. Estimates of the location and scale parameters of the
diStribution are given by the intercept and slope. ‘Probability

plots can be generated for several competing distributions to see
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which provides the best fit, and the probability plot genérating

the highest correlation coefficient is the best choice since it

generates the straightest probability plot.

Another means for verifying the hypothesis for the

‘probability distribution is the Anderson-Darling goodness-of-fit

test, which tests if a sample of data came from a population with

a specific distribution. It is a_modification of the Kolmogorov-

.Smirnov (K-S) test and gives more weight to the tails than does

the K-S test. The K-S test is distribution-free in the sense
thét thé critical values do not depend on the épecific
distribution being tested. The Anderson-Darling test makesvuse
of the specific distribution in calculating critical values.

This has the advantage of allowing a more sensitive test and the

disadvantage that critical values must be calculated for each

distribution.'>

In the field of statistics,_due t;{the difficplty as
explained above, for detérmining the probabilify distribution of
random data, aésumptions are usually made_about the prQbability

characteristics of a sample of random data because the

probability distribution is otherwise unknown. The probability

distribﬁtion function, if knoWn, would provide information about
the frequency of occuirence of each data element in a sample of
random f(non-deterministic) data that cbnsists of several data
elements. Statistics like the mean and standard deviation of the

data are estimated based on‘assumptions about the shape of the
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probability distribution function that charactérizes random data.
Therefore, fhe caléulated statistics.associated with a Binomial
Distribution will be different from a Poisson or a Gaussiaﬁ
Distribution, or any other type of distribution.' When.modeling
parameters (i.e. phase, amplitﬁde, and frequency) associated with
certain types of écoustic interference like reverberation,
multipath ér noise, the models may typically assume a Gaussian or
some other distribution to répresent these acoustic phenomena.A
The following U.S. Patents describe various prior‘art
sysfems that may be at leasﬁ related to the problems diécﬁssed
above, but which do not providevsuitable solutioné.».
| .U.S. Patent Application No. 2001/0031064 Al, published
October 18, 2001, to Donescu et al., discloses a method of
insertiné a Watermarking sigﬁal in a set of coefficients
repreSenting a digital image in whicﬁ at least one subset of
égefficieﬁts is modified by the watermarking signal. For each
representative coefficient to be_modified, a ﬁeighborhood of the
representative coefficient to be modified is determined. A
neighborhood in a dictionary of neighborhoods is selegted
according to a predetermined criterion of similarity with the
neighborhood for the representative coefficient under
bonsideration. The representative coeffiéient'is modified as a,
function of the watermarking signal.
U.S. Patent No. 6,324,532, issued November 27, 2001, to

Spence et al., discloses a signal proceSsing apparatus and
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concomitant method for learning and integrating features from

-multiple resolutions for detecting and/or classifying objects.

The signal processing apparatus comprises a hierarchi¢al pyramid -

- of neural networks (HPNN) having a "fine-to-coarse" structure or

a combihation of the "fine-to-coarse" and the "coarse-to-fine"

" structures.

U.S. Patent No. 6,278,970, issued August 21, 2001, to
Benjamin P. Milner, discloses how to caiculaté the log frame
energy value of each of a ?re-determined number n of frameé of an
input speech signal and apply a matrix transform to the n log-
frame energy values to form a témporal'matrix representing the
input speech signal. JThe matrix~fransform may be a discrete
cosine'transfoim;

U.S._Patent No. 6,006,186, issued December 21, 1999, to Chen

Zet al., discloses a method and an apparatus for a parameter

sharing speech recognition system. Speech signals are received

into a'processor of a speech recognition system.' The speech
signalsvare processed using a speech recognition syétem hosting a
shared hidden Mérkov model (HMM) produced'by generating a numbef
of phoneme models, some of which are shared. The phoneme models
are generated by fetaining as a‘separafe phéneme model any
triphone model having a number of trained frames available that
exceeds a prespecified threshold. A shared phoneme model is
generated to represent each of the groﬁps of triphone phoneme

models for which the number of trained frames having a common
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biphone exceed the prespecified threshold. A sharéd thheme
model is generated to‘represent each of the groupé of triphone
phoneme models for which the number of trained frames having an
equivalent effect on a phonemic context exceed the prespecified

threshold. A shared phoneme model is generated to represent each

of the groups of triphone phoneme mddels having the same center

context. The generated phoneme models are trained, and shared

phoneme model states are generated that are shared among the

phoneme models. Shared probability distribution functions are
generated that are shared among the phoneme model states. Shared

probability sub-distribution functions are generated that are

shared among the phoneme model probability distributionv

functions. The shared phoneme model hierarchy is feevaluated for

 further sharing in response to the shared probability sub-

‘distribution functions. Signals representative of the received

K _J .
speech signals are generated.

U.S. Patent No. 5,924,066, issued July 13, 1999, to Amlan
Kundu, discloses a system and method for classifying a speech
signal within a likely speebh signal class of a plurality of
speech signal classes. Stochastic models include a plufality of
states having state transitions and output probabilities to
generate state éequences, which model evolutionary
characteristics and duratiohal variability‘of a speech sighal,
The‘method includes extracting a frame sequence, and determinihg'

a state sequence for each stochastic model with each state
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sequence having full state segmentation. Representative frames

are determined to provide speech signal time normalization. A

likely'speech signal class is determined from a neural network

having a plurality of inputs receiving the representative frames

and a plurality of outputs corresponding to the plurality of
speech signal classes. An output signal is generated based oh
the likely stochastic model.

U.S. Patent No. 6,336,109,_issued Jenuery 1, 2002, to Gary
Howard, discloses a method‘of processing data relating to a
plﬁrality of examplesiusing a data classifier arranged to
classify input data into.one of a ﬁumber of classes, aﬁd a rule
inducer, comprising the steps of: (i) inputting a series of
inputs to the data classifier so as to obtain a series of
corresponding outputs; (ii) inputting the series of outputs and
at least some of the series of inputs to the rule inducer so as
to obtain a series of rules which deleibe relationships between
the series of inputs to the data classifier and the series of
corresponding outputs from the data classifier. |

' U.S. Patent No. 6,314,399, issued November 6, 2001, to

- Deligne et al., discloses an apparatus that geﬁerates a

statistical class sequence model called A class bi?multigram
model from input training strings of discrete-valued units, where
bigram dependencies are assumed between adjacent variable length

sequences of maximum length N uﬁits, and where class labels are

assigned to the sequences. The number of times all sequences of
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units occur are couhted, as well as the number of times all pairs
of sequences of units co-occur in the input training strlngs. An
1n1t1al bigram probability distribution of all the palrs of
sequences is computed as ‘the number of times the two sequences
co-occur, divided by the number of times the flrst sequence
occurs in the input training string. Then, the input sequences
are classified into a'pre—specified desired number of classes.
Further, an estimate of the bigram probability distribution of
the sequences is calculated by using'an EM algorithm to maximize
the likelihood of the input training string computed with the
input probability distributions. The above processes are then

iteratively performed to generate statistical class sequence

model.

U.S. Patent No. 6,239,740, issued May 29, 2001, to Collins

et al., discloses an efficient algorithm for evaluating the
Wweighted bipartite graph of) associations between two sets of

data with Gaussian error, e.g., between a set of measured state

vectors and a set of estimated state vectors First a general
method is developed for determining, from the covariance matrix,

minimal d-dimensional error ellipsoids for the state vectors,

which always overlap when a gating criterion is satisfied.

Circumscribing boxes, or d-ranges, for the data ellipsoids are
then found and whenever they overlap the association probability
is computed. For efficiently determining the intersections of

the d-ranges a multidimensional search tree method is used to
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reduce the overall scaling of the evaluation of associations.

Very few associations that lie outside the predetermined error
threshold or gate are evaluated. Empirical testing for variously
distribufed data in both three end eight dimensions indicate that
the scaling is significently reduced frbm N°, where N is the siie
of the data set. Computational loads for many large scale (N>10-
100) data association tasks may therefore be signifiCaﬁtly
redﬁced by this or related methods.

. U.S. Patent No. 6,131,089, issued Oetober lQ, 2000, to
Campbell et al., discloses classifiers and a comparator that
pefform an identification method to identify a class as one of a
predetermined set of classes. The identification method is based

on determining the observation costs associated with the

unidentified class. The identification method includes combining

models representing the predetermined sef of elasses end the
unidentified vectors representing‘th; class. The predetermined'
class associeted with the largest observation Cosf is identified
as the cless. Additionally, a uﬁique, low-complexity training
method includes creating the models, which represeﬁt the
predetermined set of elasses.

U.S. Patent No. 6,041,299, issued March 21, 2000, to
Schuster et al., discloses ankapparatus for'calculatingva
posteriori probabiiities of phoneme symbols and a speech

recognition apparatus using the apparatus for calculating a

posteriori probabilities of phoneme symbelé. A feature
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extracting section extracts speech feature parameters from a
sbeech signal of an uttered speech sentence composed of an
inputted character series, and a calculating section calculates
the a posteriori probability of a phoneme symbol of the sPeech
signal, by using a bldirectional recurrent neural network. The
bldlrectlonal recurrent neural network includes an input layer
for rece1v1ng the speech feature parameters extracted by the
feature extracting means and a plurallty of hypothetical phoneme
symbol series sionals, anvintermediate layer of at least one .
layer having a plurality of units, and an output.layer for
outputting the a posteriori probability of each phoneme symbol.
The input layer includes a first input neuron group having a
plurality of unlts, for rece1v1ng a plurality of speech feature

parameters and a plurality of phoneme symbol series signals, a

forward module, and a backward module.

U.S. Patent No. 5,999,893; issued December 7, 1999, to
Lynch, Jr. et al., discloses a classification system that uses
sensors to obtain information from which features, which
characterized a source or object to classified,vcan be extracted.
The features are extracted from the information and compiled into
a feature vector, which iS'then_quantized to one of M discrete
symbols. After N feature vectors have been’quantized, a test
vector having components which are_defined by the number of
occurrences of each of the M symbols in N the quantized vectors

is built. The system combines the test vector with‘training data
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to simultaneously estimate symbol probabilities for each class
and élassify the test vector using a decision rule that depends
only on the training and test data. The system classifies the
test vector using either a Combined Bayes test or a Combined
Generalized likelihood ratio test.

The‘above diéclosed prior art does not provide an automatic

system and method which can be easily'implemented with hardware

~or on a computér to classify random data into any type of the

probability distribution and which does not involve visual

examination, trial and error approaches, iterative techniques,
measures-of confidence, and.the like. It is the inventors’
beliéf that in the design‘of many signal processors, knowledgel
about the probability and statistical characteristics of the

noise that contaminates a signal input may improve the capability

-of the processor. Accordingly, exact knowledge of these

) B . - .
phenomena would provide more accurate results. Moreover, it is

the inventors’ belief that an automatic mechanism to conveniently

process a set of data samples and determine the associated
: L 4

‘probability distribution would therefore likely be invaluable to

researchers. As discussed above, the prior art does not provide
such a method. The need for solutions to the above-described-

problems has been long felt but the solutions have not been

forthcoming. Consequently, those skilled in the art will

appreciate the present invention that addresses the above and

. other problems.



w N

[so IR (o) o1 >

~ 10

11
12
13
14
15
16 .
17
18
19
20
21
22
23
24
25
26
27

SUMMARY OF THE INVENTION
It is a general purpose and object of the present inVention

to provide an improved system and method for determining a

‘probability distribution for random data.

It is another general purpose and object of the present
invention to provide a system and method to which the random data
can be input for aﬁtomatically determining which of several

different types of probability dist:ibutions best describe the

random\data.

It is another objection of the.present invention to utilize
a plurality of trained neural networks to sample the random data
for determining the probability distribution thereof.

These and other objects, features, and advantéges of the
present invention will Eecome apparent from the drawings, the
descriptions given’hefein,>and the appended claims. However, it
will be understood that above listed.objects and advantages‘of |
the invention are intendedbonly as an aid in understanding
aspects of the invention, are not. intended to limit the invention
in any way, and do not_form a comprehensive list of objects,
features; and advantages.

According, the present invention provides a system for
determining a probability distributioﬁ of random data_wherein the
system may comprise one or mQré»elements such as, for example,
one or more first neural networks each trained to recognize a
first probability distribution of the random data, 0ne}or more
second neural networks each trained to recognize a second

probability distribution of the random data, and a decision logic

12
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processing the random data or to stop processing the random data

module for comparing outputs for the one or more flrst neural

networks and the second neural networks to thereby select the

first probability distribution or the second probability

distribution as best describing the probability distribution of

the random data. The decisibn logic module is preferably
operable for selecting the probabi;ity distribution of the random
data based on a set of rules related to specified ranges of
values of the outputs for first neural networks and the second
neura; ﬁetworks.

The system may fﬁrther comprise a window generatof for
providing a selected size sample of the fandbm data to the one or
more first neural networks and the one or more seéond neural

networks. 1In one preferred embodiment, the system comprises a

-plurality of the first neural netWorks and a‘plurality of the

second neural networks wherein the window generator is operable

for providing varlable size sampleSsto each of the plurality of-

first neural networks and the plurallty of‘second neural
networks. | |

Other eléments of the‘system may further comprise a
parameter estimator operable for determining one or more

statistical‘parameters of the selected size sample.v The

.parameter estimator preferably produces an output receivable by

the decision logic module for determihing whether to continue

’ Preferably, a normalizer is utilized for normalizing the

random data to fall within a selected range of values.

13
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In operation, the present invention provides a method for
automatically determining a probability distribution'for random
data which may comprise one or more steps such as, for instance,

prov1d1ng different size samples of the random data to a first

’plurallty of neural networks, providing the dlfferent size

samples of the random data to a second plurality of neural

networks, and comparing outputs of.the first plurality of neural

‘networks with the outputs of the second plurality of neural

networks for determining the probability distribution of the
random data. | |

The method further comprises providing a set of logic rules
for determining the probability distribution of the random data
based on ranges of values of the outputs of the first pluraiity ,
of neural networks and the outputs of the secoﬁd plurality of
neural network$.

The method may further comprisé training the first plurality
of neural networks to produce a selected output value in response
to random data corresponding to a first probability distribution,
and training the second plurality of neural networks to produce a
selected output value in response to randomAdata‘corresponding to
a second probability distribution.

The method may preferably further comprise determining
statistical pérameters of the different size Samples‘of the
random data. |

in a preferred embbdiment, the method comprises utilizing a
sliding window of random data for the different size data samples

Whereby the sliding window of random data changes after each use
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by adding a selected number of new data samples and subtracting a

corresponding number of previously processed data samples.

" BRIEF DESCRIPTION OF THE DRAWINGS

A more complete understanding of the invention and many of
the attendant advantages thereto Qill be readily appreciated as
the same becomes better understood by reference to the following-
detailed description when considered in conjunctién wifh the
acéompanying drawings, wherein like reference numerals refer to
like parts and wherein:

| FIG. 1A is a schematic of one possible neural network
configuration for a component of the system in accord with the
present invention; |

FIG 1B is a schematic of one neuron in a layer of neurons
of a neural network such as the neural network of FIG. 1A;

FIG. 2 is a block diagramAfof'one possible probability
distribution classification processor in accord with the present
invention for two probability distributions; v |

FIG. 3 is a graph showing possible outputs for the six »
artificial neural networké_(ANN) pfocessors of the probability
distribution classification processor of FIG. 2;

FIG. 4 is a graph showing outputs of the parameter estimator

for the probability distributibn classification processor of FIG.

" 2; and

FIG. 5 is a block diagram for the rule-based decision aide

of the probability distribution classification processor of FIG.

2.




DESCRIPTION OF THE PREFERRED EMBODIMENT

Referring now to the drawihgs and, more particularly, to
FIG. 2, there is shown system 10 which is a block diagram for a
preferred embodiment of a probability distribution classificétioh
processor in accord with the present invention. ' The present
invention therefore provides system and methods for classifying
the form of the probability distribution that describes a sample
of random data elements.

To simplify the description and opération of this processor;
the design of system 10 presented bere will have the capability

to classify only two different probability distributions.

However, it will be understood that the addition of capability to

classify data into other probability distributions will be
substantially the same as discussed herein below for two
freqﬁéntly occurring probability distributions. Thus, it will be
understood that the processor capability can be readily expanded
to automatically classify the random data into any number of
différent types of possible probability distributions. In one
embodiment, the capability forvconsideriﬁg different probability
distributions could be switchable or selectable so that
consideration of any of numerous different probability
distributions could be easily switched on as desired for testing
by the user. | |
In the embodiment of the invention disclosed in FIG. 2, two

different probability distributions are considered by system 10.
Thévfirst probability distribution is the well-known Uniform

distribution that represents data where each random element
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(number) has the same probability of occurrence. The second
probability distribution to be considered is the well- known
Gaussian dlstrlbutlon that represents data where each element has
a different probability of occurrence with the larger positive
and negative random‘elements (numbers) occurring less frequently

than the smaller ones. When the mean is zero, the Gaussian

‘distribution is referred to as a Normal distribution.

FIG. 1A and 1B show artificial neural network (ANN) elements
that are trained to recognize a particular type -of probability
distribution, such as the Uniform.distribution or the Gaussian
distribution. Neural network 12 may comprise several layers of
interconnected neurons wherein each neuron, such as neuron 14,
may preferably be connected to eachlneuron of the previous layer
of neurons and to each neuron of.the subsequent layer of neurons.

It will be understood that neural network 12 may be much larger

than shown in FIG. 1A and/or compgise more layers and/or more

‘neurons per layer. For instance, to process 100 data inputs

simultaneously, the neural network may comprise a first layer of
100 neurons. Each neuron in each layer, such as neuron 14 of

FIG. 1B, may simply weight‘and sum inputs 16 and offset by a bias

17 with adder 18. The result of adder 18 is passed through

activation function 20.

Activation function 20, which may be a Sigmoid function, is‘
used to limit the perm1381ble amplltude range of output 22. For
1nstance, the output may be limited to between zero to one or
from minus one to plus one. Neuron output 22 is passed on to

each neuron in the next layer of neurons and so on until the last

17



layer produces output 24 forithe neural network, such as the
respective outputs of neural networks 26, 28, 30, 32, 34, and 36
of system 10 shown in FIG. 2. |
Training the neural network(s) involves adaptively and
systematically selecting the weights and bias of eaeh neuron
within the network to minimize the error between the actual
output and the desired one.” For example, if it desired to have a
neural network produce a one when the input random data is
uniformly distributed and a zero otherwise, the internal weights
and bias of each neuron are established by an adaptive iterative
process to make this-happen.. After the network has been trained,
the output will provide a‘measure of the uniformity of the
distribution of the. random data. A detailed-description of a

neural network may be found in the literature (e.g., Neural

.Networks by Simon Haykin, 1994). The specific type of neural

network that is used in this application may preferably be a back
propagation model. In this tYpe of model, the cerrect weights
and bias Qf each are established by mddifyinQ the last layer of
neuron parametets first in an attempt to produce the desired
output, then if necessary modifying thevprevious layer, and se
forth. |

FIG. 2 is therefore a block diagram of one embodiment of

system 10 for a Probability Distribution Classification Processor

in accord with the present invention. Input data 38 preferably

consists of or comprises a finite set of random numbers. As a
first step in a preferred embodiment of the invention, the entire

set‘of random numbers is preferably normalized to a new set of

18




data between -1 and +1 in normalizer 40. Normalization
simplifies the process of training the neural networks. The :
Gaussian distribution artificial neural network (ANN) classifier
can thereby be trainéd using a finite number of statistics. . For
example, tfaining may be performed using Gaussian data
representing standard deviétions from 0.1 to 1 in increments of
0.1 and means from -1 to +1 in increments ofFO.l. Each Gaussian
and Uniform neural nefwork claSsifier}will be trained using a
different sized sliding window of normalized data as indicated at
42. ‘Therefore, system 10 will be comprised of several different
neural networks, such as networks 26, 28, 30,A32, 34, and 36
corresponding to the number of different sliding windows of.data
samples for each type of distribution to be classified.

After normalizing, the numbers are processed by artificial
neural networks (ANN) 26, 28, 30, 32, 34, and 36. In this
example, the intervals or.windows comprise 100, 500, and 1000
data samples; However, other interval sizes could also bé
utilized and/or additional inter&al sizes could be utilized.
Preferably at least two different interval or window sizes are
utilized for comparison purposes as diéqussed hereinafter.
Sliding window function 42 may be used to select the data samples
for the respective networks. For instance, using a 100 sample
sliding window, the first 100 data values (samples 1 through>
100) ére selected and processed, then the secoﬁd 100 values
(samples 2 through 101) are selected and processed; this process
continues until all thé data has been processed. The 500 énd

1000 sample windows of data are processed in the same manner with

19



all sliding window operations (100, 500, and 1000) performed
concurrently. | . | b

In FIG. 2, three ANN Gaussian Diétribﬁtion Classificétion
processors 26, 28, and 30 as well as three ANN Uniform
Distribution Classification processors 32, 34, and 36 are shown.
The three ANN Gaussian processors will be capablé of processing
data windows of 100, 500, and 1000 samples of the normalized
random data respectively. The three ANN Uniform processors will
have a corresponding capability. As discussed earlier, a 100
sample sliding window function 42 wiil initially select data
samples 1 through 100 for processing. Then, data samples 2
through 101 are selected. This process continues incrementally
until all the data has been proceséed. ‘Each ANN Uniform and each
ANN Gaussian processbr will be trained to produée an output

between 0 and 1 for each sliding window increment of data, where

- the output of the ANN is proportional to the'degreeAin which the

data matches the respective distribution. Each output will be
stored within Rule-Based Decision Aide 44 until all the data has
been processed by the neural networks. It should be noted that
any number of ANNs can be employed at any window size to enhance
the data classification process.v Figure 3 shows one set of
possible ANN 26, 28, 30, 32, 34, and 36 outputs with respect to
each increment of the sliding window. | |

Parameter Estimator 46 shown in FIG. 2 will also provide
information to Rule-Based Decisidn Aide 44. 'Relevant statistics
like the mean and standard deviation and/or other statistics are

preferably measured and stored within Rule-Based Decision Aide 44
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as each sliding window of data is processed by the Parameter
Estimator 46. FIG. 4 shows the type of information that the
Parameter Estimator provides such as mean and standard deviation

for each increment of the sliding window. In this case, it will

" be noticed that curve 54 for the mean 100 window samples, curve

56 for the mean 500 window samples, and curve 58 for the mean
1000 window samples tend to gravitate roughly about the same
approximate values. The standard deviations 60, 62, and 64 of
the three different window samplé sizes are somewhat more
variable. This information is fed to Rule—Baséd Decision Aid 44
to be acted upon based on the rules provided therein and to be
aﬁailable if requiredvto further‘describe the selected
probability distribution.

Rule-Base Decision Aide 44 uses the inputs from the
Parameter Estimator 46 ana Neural Networks 26-36 to decide what
type of distribution best describes the data sampleé. FIG. 5
provides a block diagram of the componehts of Rule-Based Decision
Aide 44. As neural networks 26-36 and Parametef.Estimator 46
process the data, the outputs of these functions are stored in

Database 48. Then Data Evaluator 50 processes and examines these

‘outputs (like the ones seen in Figures 3 and 4) to determine if

‘the progressively larger sliding windows have produced less

variability in the ANN 26—36(and Parameter Estimator 46 outputs.
If the standard deviation and/or mean of the outputs calculated

by the Data Evaluator 50 do not significantly change as the

'sliding window size increases, the decision is made to STOP

processing and any one of the sample neural network outputs may
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be utilized. If the standard deviation does decréase}with window
size, the outputs correspohding to the 1000 sample sliding window

are averaged to get the most representative single values for ANN

Uniform output 36, ANN Gaussian output 30. These values along

with the normalized mean and standard deviation (Parameter
Estimator 46) outputs, are paéSed along to DecisionlLogic
compénent 52 in FIG. 5. This component classifies the
Probability Distribution based on a pre-determined logic‘scheme.
For example; in one logic scheme,” if the ANN Uniform mean
oﬁtput is between 0.0 and 0.5, énd the ANN Gaussian mean output
is between 0.5 and 1.0, then Rule-Based Decision Aide 44 decides
the data fits most closely to a Gaussian probability
distribution. - On the other hand, if.theAﬁean ANN Uniform output
is between 0.5 and 1.0, and the mean ANN Gaussian output is
between 0.0 and 0.5, then Rule-Based Decision Aide 44 decides the
daté fits most closély to a Uniform probability distribution.
However, if the mean ANN Uniform output and the mean ANN Gaussian
output are both within,a selected range around 0.5, then Rule-
Based Decision Aide 44 decides that more data is needed and the
data processing continues using larger windows as diséussed
above. Other logic schemes can be utilized which will relate to.

the value for which each group of neural networks have been

© trained t0‘output'for the probability distribution the respeéctive

group of neural networks is trained to recognize.
As mentioned earlier, each of the six neural networks (ANN)

are trained in advance, each with a different sliding window

size. Each ANN Uniform network 32-36 is trained on data that is
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1 known in advance to be uniformly distributed data. “This data can

2 be generated'uSing one of many commercially availabie uniform

3 random number_generatorsL The ANN Uniform adaptivebelements 52—
4 36 will be trained to converge to values that produce an output

5 close to 1 when the input data is Uniformly distributed and close
6 to 0 if it is net Hence, the output of each Uniform neural

7 network 32-36 when proce331ng non-training data will be a value

8 between O and 1 that will indicate how close the data matches

9 unlformly distributed data. Likewise, the ANN Gaussian networks
1Q' 26-28 are trained on data that is known in advance to be GausSian
11 distributed data. This‘data can be generated using one of many

. 12 commercially available Gaussian random number‘generators> This
13 trarnlng process is more ‘complicated because the ANN Gau551an
‘14 ' networks are trained to recognize Gaussian data regardless of the
15 mean or Standard dev1atlon. ‘Training will consist of using data
', 16 characterized by different means 6r standard_deviations. The*'v

-17 range of standard deviations will be 0 to 1 in increments of 0.1;
18 the range of means wiil be -1 to +1>in increments of 0.1. The
19 output will be 1 if the input data is Gaussian.
20 The advantage that this disclosure providesbis thevincreased
21  statistical knowledge about a data set with probability
22 characteristics that are unknown. This disclosure enables one to
23 - process the data and classify the probability distribution. The
24 process is performed autematically, is not angiterative process,
25 and does not involve visual examination or the implementation of
26 mathematical measﬁresief>Confidence. Furthermdre, the disclosure

27 | may be eXtended to include any other distribution-
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Many additional changes in the details, materials, steps and

‘arrangement of parts, herein described and illustrated to explain

the nature of the invention, may be made by those skilled in the
art within the principle and scope of the invention. It is
therefore understood that within the scope of the appended -

claims, the invention may be practiced otherwise than as’

spécifically described.
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Attorney Docket No. 79833
PROBABILITY DISTRIBUTION CLASSIFICATION PROCESSOR
ABSTRACT OF THE DISCLOSURE

A systém and method are disclosed which preferably comprises

several groups of artificial neurai»networks (ANNs) for
classifying the probability distribution of random data. Each
group of artificial neural networks is preferably trained to
produce a selected output in response to data having a particular
probability distribution. Each of the group of artificial neural
networks preferably analyzes a different sample size of data. A
parameter estimator module calculates statistical parameters for
tbe different sizevdata samples. The outputs Qf‘the several
groups of artificial ﬁetworks and’of the parameter estimator are
analyzed by a rule based decision logic module which then séiects
the type of probability distribution that best describes the

random data based on rules that correspondbto ranges of values of

the outputs of the artificial neural networks.
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