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' Attorney Docket No. 75764

HYPOTHESIS SELECTION FOR EVIDENTIAL REASONING SYSTEMS

'STATEMENT OF GOVERNMENT INTEREST

The invention described herein may be manufactured and used

" by or for the Government of the United States of America for

governmental purposes without the payment of any royalties

- thereon or therefor.

BACKGROUND OF THE INVENTION

(1) Field of the Invention

This invention is directed to a system and method for the
efficient éelection of hypotheses used in connection with
mathematical modeling of the type used when estimating ﬁhe motion
of physicai phenomena, for example, torpedoes, viakthe results of
én_evidential reasoner, and more particularly, to a system éﬁd‘-
method for assessing models of‘motion‘thrqugh a fluid, resulting
in‘an acoﬁstic signal, wherein the signal traverses an"uncertain
pathland is received by sensors with uncertain biases in the |
presence of noise. Accordingly, a‘hypothesis selection criterion
for use with the Dempster-Shafer (DS) frame’of evidential

feasoning that is both conceptionally simple and computationally

“efficient, is provided.
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(2) Description of Prior Art
The Dempster-Shafer (DS) theory of evidential-reasoning is
one of several approaches for producing inferences fromkuncertain

information. 1Its appeal for application to model assessment is

‘that it intrinsically accommodates the expression of ignorance

and naturally provides a convenient framework on which a Contact
Managément Model Assessment problem can be structured. The basic
strﬁcturelfor DS evidential reasoning is the frame of
discernment. Denoted by 0, the frame of discernment is a set of
mutually exclusive and exhaustive hypotheses:

0={H,..H,} _ - - (1)
The power set is the set of all subsets in the frame of
discernment and has

K=2|©|-1 (2)
elements, where|9| is the cardinality of the set 0, and the minus
one acéounts‘for the null set @ which is not considered a membér
of the power set in DS theory. Figure 4 illustrates a genefic
power set.,‘A basic probability assignment (bpafvis assigned tb
each member of the power set, A;, and represents the belief that

the hypotheses of A, are true. Denoted by m(a,), the ihdividual'

bpa's are bounded between zero and one, while their sum is unity.

Additionally, the measures of plausibility and support for each
element can also be computed. The support for A,, denoted by

s(A;), is the sum of the bpa's over all the subsets of A, i.e.,
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5(4)= Y m(a) et

ac 4,
where:

m = amount of bpa
achA; => summation over the entire power set

€ = subset or equivalent

S(A,) represents the level of belief that directly supports the

hypotheses of A;,. The plausibility of A, i.e. p(Ai), is a

“measure of the lack of support in the complement of A, and is one

mihus the support in the complement of A, i.e.,
P(4)=1.0- S(4i)= Zm(a) o (4)
and; ¢
where N = intersection
In general, support is less than or equal to plausibility1
and both are bounded by zero and one. The uncertainty in

assigning belief to the hypotheses contained in element A, is the

| difference between the plausibility and support. DS theory

includes Bayesian probability as a special case when all belief

is distributed among the singleton sets [H,], [H,],..., [HJ]. If

several bodies of evidence exist for a frame of discernment, the

 resulting beliefs can be combined using the DS combination rule,

m(A) == Y m(4,)my(4) (e

O g,na,=4,

»where mIU¥)'and m,(A,) are the belief in A; and Ak generated from

‘two bodies of evidence represented in frames of discernment one
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and two, respectively. The term a is the renormalization

constant necessary to account for belief being placed into the

null intersection @ and is

a=1- 3 m(4)my(4,) (e

A4,nA4=¢ :
In bbth expressions, the indices j and k range over all the
elements of the power set . -DS combination rule is both
commutative and associative. .Compatibility relations,'whichkafe
used to map belief in one frame of discérnment to a different
frame of discernment, are useful for combining belief that
originates in dissimilar frames into belief in a common framé of

discernment. The compatibility map defines the relationship
between the elements of two frames of discernment 0, where
0,5 S 0,x0, (7)
and the compatibility mapping is defined by
Cyup(4)= {bj I (al’bj)geA,B,aigAk} (8)
where at least one pair (a;, b;) is specified for each of the A,
in 0,. With a network of compatibility relations, different

frames of discernment can be linked together. The collection of
frames of discernment and compatibility relations is called a

gallery.
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The prior art includes the various model selection
processes, none of which are related to the Dempster—Shafer frame
of evidential reasonlng, Wthh are discussed below |

U.S. Patent No. 5 045,852 to Mitchell et al. discloses a
system and method for maximizing data compression by optlmlzlng
model selection durlng coding of an input stream of data symbols

In the system and method at least two models are run and

compared, and the model w1th the best codlng performance for a

‘given-size segment or block of compressed data is selected such

that only its block is used in an output data stream. The best
performance is determined by 1) respectively producing
comparable-size blocks of compressed data from the input stream
with‘the use oﬁ the two, or more models and 2)‘selecting the
model which compresses the most input data. mIn the preferred
embodiment, respective strings of data are produced with each
model from the symbol data and are coded with an adaptive
arithmetic coder into the compressed data. Each block of
compressed data is started by coding the decision to use the
model currently being run and all models start with the
arithmetic coder parameters established at the end of the
preceding block. .Only the compressed code stream of the best
model is used in the output and that code stream has in it the
overhead for selection of that model. Since the decision as to
which model to run is made in the compressed data domain, i.e.,

the best model is chosen on the basis on which model coded the
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most input symbols for a given-size compressed block, rather than

after coding a given number of input symbols, the model selection

 decision overhead scales with the compressed data. Successively

selected compressed blocks are combined as an output code stream
to produce an output of compressed data, from input symbols, for
storage or transmission. In Mitchell et al., the process

disclosed always performs all the processing and chooses the best

result after the proceSsing’is performed, without ranking which

models produéekthe best results prior to processing.
U.S. Patent 5,233,541 to Corwin et al. discloses an

automatic target detection process. Accordingly, a data

 processing technique is provided for detecting, locating and

idéntifying tafgets from a plurality of images generated by an
imaging sensér such as an imaging lidar 5ystem. The;process
employs physical models of signals produced by target objects of
interést.b Such a model based detection syStém globally processes

frames of data to determine the existence and location of

- component elements that characterize the target being modeled.

Similar to Mitchell et al., the process disclosed in Corwin et

~al. chooses only the best result after all prOcessing is finished

instead of ranking and selecting models which could produce the
best results, prior to processing. Also, the model developed by
Corwin et al. is of a target's orientation in a still frame, |

thereby not taking into account target kinematics, environmental

conditions and sensor characteristics.
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The prior art discussed above'relieSVStrictly on Bayesian
approachés, and unlike the pfesent_inventioﬁ, it is not a
selection‘method which is applicable to a broad range of systems
such as the Bayesian sYstem; the Dempster-Shafer system andifuZZy
theory based systems, élliof whibh have different types of
uncertainties which need to be accommodated for producing the
5est model. |

Systems related to the present invention for modeling'and

~ assessing the accuracy of assumed models of physidal phenomena

and which provide alternate model selections in connection with
information concerning the model in the presence of noise exist

in the prior art or are otherwise known. One such system and

method which is in the prior art is disclosed in U.S. Patent No.

5,373,456, assigned to the assignee of the'present_invention, and
entitled "An Expert System for Assessing Accuracy of Models of

Physical Phenomena and for Selecting Alternate Models in the

 Presence of Noise". This patent is incorporated into the present

“invention and discussed in detail in the following Detail

Description of the Preferred Embodiment. Another such system and
method which is known is disclosed in U.S. Patent 5,581,490
entitled "Contact Management Model Assessment Systemifor Contact

Management in the Presence of Model Uncertainty and Noise",

- assigned to the assignee of the present invention, which also is

' incorporatéd by reference and discussed in further detail in the

Detail Description of the Preferred Embodiment,-below. These
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relevant systems suffer from the defects that they do nbt_

effectively select the most appropriate models or set of models

- from a plurality of models whose model state information is

maintained in storage. That is, in these relevant systems, model

‘selection, compilations of bpa (discussed above for DS evidential
‘reasbning), support and plausibility are required for all
~ hypothesis elements in the set of hypotheses, and all subsets of

~-the hypotheses, placing a high computational burden on the

processing cépability of theréystem.

There exists a need, therefore, fof a hypothesis selection
method for modelling physical phenomena whiéh system and method
is applicable for use with the Dempster-Shafer frame of
evidential reasoning‘as well as the Bayesian bésed sysﬁems and‘
fuzzy theory based/systems, aﬁd which takes into account such‘
parameters as target kinematics,'environmental éonditions and

sensor characteristics.

SUMMARY OF THE INVENTION

~The primary object of this invention is to provide a method
and system for the efficient selection of hypotheses for modeling

physical phenomena based on the results of an evidential

creasoner.

Another object of this invention is to provide a method and
system for assessing models of motion of physical phehomena o

through a fluid, which motion causes an acoustic signal thatf
) : ; ;
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traverses an uncertain>path which is received by sensors with
uncertain biases, in'the presence of noise |

Stlll another object of this invention 1s to prov1de a
method and system for ranking hypotheses of models of physical
phenomena, such that the processing capability of the system
using the method and sYstem'of the present invention is enhanced.

And still another object of this 1nventlon is to prov1de a

=‘method and system for accurately and eff1c1ently selectlng models

of phy51ca1 phenomena which entalls a development of hypothesis

Shafer frame of evidential reasoning as well as fuzzy logic based

- systems, Bayesian systems and rule based systems.

Yet another object of this invention is to provide a method
and system for efficiently selecting models of phy51cal phenomena
such that the selection is made in the most eff1c1ent manner with
the fewest computations possible.

A method in accordance with the principles of the present
invention for the selection of hypotheses for modelling physical
phenomena, for achieving the’objects and advantages set forth
herein comprises the selection steps of sensing actual data.from
the physical phenomena; providing an initial model_of the

physical phenomena comprising mathematical models which represent

| the actual data if the actual data Was sensed in the absence_of

noise; detecting if selected features are present by analyzing

the actual data and‘parameter values; extracting the selected
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features if present using hypotheses for estimating the selected
features; comparing the hypotheses to the actual data for

determining a‘belief probability assignment value for each of the

fhypotheses which indicates the likelihood that the selected

features ex1st in the actual data and the likelihood that such
selected features cannot accurately be determlned as existing due
to the presence of noise and for determining the strength and
variance of the estimated selected features as represented by’the
hypotheses relative to the actualvdata; interpreting the features
to determine the hypothesized modeling error/errors which could.
have produced said features in the type of measurement in which
the features were found by mapping the belief probability |
ass1gnments 1n the features to belief probablllty assignments in
the hypothe51zed modellng errors via the compatlblllty mapping
described earlier; combining the bpa in the modeling errors via
DS combination rule described earlier; selecting a set of the
modeling error hypotheses believed to most accurately model the
physical phenomena based on the support values cf the smallest :

set of hypotheses meeting a predetermined criteria by generating

support values and plausibility values for each of the elements

of the powerlset haviﬁg non-zero belief probability assignment
values, wherein the support value’is indicative of the amountkof
confirming evidence‘fcr each of the subsets of modeling error
hypotheses in the power set and the plausibility value’is

indicative of a lack of supporting evidence for each of the

10
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subsets of modeling error hypotheses in the power set; ranking
the subsets haVing non-zero belief probability assignment values
in order of decreasing'bpa values} unioning the ranked subsets of
the power set in order of decreasing bpa value for forming |
nnioned subsets and determining support values for the unioned
subsets; thresholding the Unioned subsets by comparing the

support values for the unioned subsets to a predefined threshold

“value; and using the selected unioned subsets having a support

value most closely exceeding the threshold value for selectingi
alternate models.which would have produced the selected features
which more closely approximate the actual data. | |

A systempfor the selection of hypotheses for modelling
physicaliphenohena; in accordance with the principles of the

present invention for achievingbthe objects and advantages set

‘forth herein comprises means for sensing actual data from the

physical phenomena, and initial model storage means for proﬁiding
an initial model of the physical phenomena‘cOmprising:
mathematical models which repreSent the actual data if the actual
data was sensed in thebabsence of noise. Feature estimator means
is used for detecting if selected features are'present by
analyzing the actual data and parameter'values along with feature
extraction means for extractlng the selected features if present
by using hypotheses for estimating the selected features ~ Also,
feature and hypotheses representation means are used for

comparing the hypotheses to the actual data for determining a

11
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belief pfobability assignment value for each of the hypotheses:‘
which indicates the likelihood that the selected featureS’exist
in the actual data and the likelihood that such selected features
cannot accurately be determined as exiéting due to the presence
of noise and for determining the strength and variance of the
estimated selected features as represented by the hypotheses

relative to the actual data. Feature interpretation'meansAare

1provided for selecting a set of modeling error hypotheses

believed to most accurately model the physical phenomena based on
the belief probability assignment values of the feature

hypotheses and concurrently mapping the bpa associated with the

‘feature hypotheses to the modeling error hypotheses via

compatibility relations. 1In addition, evidential reasoning means

for generating evidential support values and lack of evidential
support values for each of the subsets of modeliﬁg error
hypotheses having non-zero belief probability assignment values,
wherein the evidential‘support value is indicative of the ameuﬁt
of coﬁfirming evidence for each of the hypotheses in the subset‘
and the lack of evidential support value is indicative of a laek
of supporting evidenee for each of the hypotheses in the subset,

and further for ranking the subsets having non-zero subset belief

probability assignment values in order of decreasing subset

belief probability assignment values within a power set, are
used. Model selection means are further used for unioning the

ranked subsets of the power set for forming unioned subsets and

12
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determining sﬁpport values for the unioned'subsets, and for
‘ﬁthresholding the unioned subsets by comparing the support values

for unioned subsets to a predefined threshold value. Finally,

alternate model storage means are provided for_using the selected
unioned subsets having a unioned evidential support value most
closély exceeding the threshold value for selécting alternate
models having éelected features which more closeiy approximate 
the éétual data. o |
The detaiié of the present invention are set Cﬁt‘in thé
following deséription and drawings wherein like reference

characters depict like elements.

"BRIEF DESCRIPTION OF THE‘DRAWINGS

‘FiG. 1l is a.flow diagram of a target tracking system of the
prior art wherein a method and system for sélectihg'hypotheses
for modeiing physical phénomena, such as a moving target, is
used;

- FIG. 1A is a prior art flow diagram similar to FIG. 1 but
including‘advancement over the system of FIG. 1;

FIG. 2 is a detailed operational flow diagfam of the more
advanced pridr art system shown in FIG. 1A which-ﬁses many of the

same features as the embodiment shown in FIG. 1;

13



10
11
12
13
14
15
16

19

18

FIG. 3 is a simplified flow chart of the method steps for
selecting hypotheses using the Dempster-Shafer frame of :
evidential reesoning,'in accordance with the principles of the
present invention; |

FIG. 4 is a graphical illustration of a power set used in

accordance with the principles of the present invention;

FIGi 5 is a geometric representation of the DempSter-Shafer
frame of evideﬁtial reasening used in accordance with the
principle of the present invention; |

FIGS. 6-8 are graphical illustrations indidating the results
of the use of the preeent appiication in connection with target
tracking; |

FIG. 9 shows Table 1 which, similar to FIGS. 6-8,
illustrates the reeults of the use of the present invention as
appiied to target‘tracking;'and .

FIGS. 10A and 10B show Tables 2 and 3, iespectively,
indicating the selection method of hypotheses end successive

1evel cuts.

14
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DESCRIPTION OF THE PREFERRED EMBODIMENT

Referring now to the drawings in detail, there is shown in

FIGS. 1 and 1A flow diégrams for prior art systems for a target

tracking system, designated generally as 10 and 10°', Which are

used with the system and method of the present invention. The

present invention is for use in module 18. Reference is made to

U.S. Patent No. 5,373,456 assigned to the assignee of the present

invention and U.S. Patent No. 5,581,490 also assigned to the

assignee of the present invention, for a detailed description of

the prior art.systems'used in connection with the present

‘invention; The technology disclosed therein is hereby

incorporated by reference thereto with specific reference to‘
columns 3-8 of U.S. Patent No. 5,373,456 and columns 4-15 of U.S.
Patenﬁ No. 5,581,490. An abbreviated description of the prior
art shown in FIGS. 1 and 1A follows.

FIG. 1 dépicts a functional block diagram of a target

tracking system 10 constructed in accordance with a prior art

invention and described in detail in U.S. Patent No. 5,373,456.

. Module 15A is not a part of this first prior art system and is

discussed below with further reference to the FIG. 2 system.
With reference to FIG. 1, the target tracking system 10 includes:

a target state estimator module 11 which receives input data from

a sensor array through a sensed data input 12 and initially

receives ‘an initial target tracking model from an initial model

store 13. With respect to one particular embodiment of the

15
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target state tracking system, the input data received through the
data input 12 represents the values of signals from various .
acoustic sensors (not shown) which provide an indication ofi
various angnlar relationships of received aooustic signals with
respect to the positions of the sensors and the frequencies of’
the received acoustic signals. The target state.estimator module
11 processes the data representing the signals in connection.with
an initial tracking model it receives from the initial model
store 13 and generates target statevestimation data, a by—prodnct
of which is the generation of residual valuesi which it proﬁides
to an evidence‘or featyre extraction module 14. Tne initial

tracking model received from the initial model store 13 oomprises

}

mathematical models which represent the values of the data input

12 which would be expected if the target were on a predetermined
track in the absence of noise. | | |
The evidence or feature extraction module 14 prooesses'

residual values indicating the differences Between the target
statelestimation data and the actual input data for detecting the
selected features,ki.e., to determine probability values |
representing'the likelihood that selected features are present in
the residual values representing the input‘data; which are not
reflected in the initial tracking model received from the initial
model store 13. These features include( for example, a'generally
linear drift of the signal, a discontinuity or jump in the

signal, or a non-linearity or curvature of the signal. The

16
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evidence representation module 15 may separately generate these
probabiiities for data representing each signal from the sensor
afray (not shown). vThe evidence or feature representétion module
15 generates the probabilities for each feature; and accordingly,
determines not only the.probabilities that such features are
present or are not pfesent, but also determines a probability |
Value representing the likelihood that it cannot
determine whether a feature exists due to noise ih the signal
representing fluctuations in the data values.

The probability‘values for the various features of dfift,
jump, and curvature, including the probabilities that the

features exist, do not exist and are not determinable, are used

' by an evidence intérprétatioh module 16 and an evidential

reasoning module 17 for enabling the model selection module 18 to

- select one or more models from the plurality of models whose

models state information is maintained in the alternate models
store 19. The alternate models store 19 couples the model state

information for the selected model(s) to the target‘state

" estimator module 11 for use in a next iteration. The various

modules of the system then repeat the above-described operations

using the new tracking model parameter values for each of thé

selected alternate tracking models. The target tracking system

10 performs these operations iteratively. Duriﬁg each iteration
the target state estimator module 11 processes the input data in

relation to the alternate tracking model data for the alternate

17
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tracking models which the model selection module had selected
during the previous iteration. This continues until the smallest

set of tracking models which produce consistent results is

identifiéd. Thereafter, the target state estimator module 11

preferably provides the identified target tracking models to a’

~utilization device 20, which may utilize the target state

information, to, for example, further process the target state
information provided by the target state estimator 11,»generaté
an alarm indication or display the information for an operator.

This prior art invention has been modified by adding another

~module, feature representation and interpretation module 153, as

shown in FIG; 1A, which constitutes the other prior art inveﬁtion
incorpofated herein, as indicated above with referencevto patent
application Serial No. 08/353,853. Referring to FIGS. 1A, and 2
while the previously-described prior art determines the
likelihood that particuiar features are preéent,‘this prior art

invention determines how strong the belief is that such features,

if they exist, have amplitudes which fall in fuzzily defined

regions (e.g., weak, moderate, strong) .

Reféfring to FIG: 2 in conjunction‘with FIG. 1A, ;he
operational steps of the modules of this second.priorbart system
10' are described. The data received from the evidence
extraction module 14 is processed under a baseline model, or null
hypothesis, to produce a target state estimate. The baseline

model is a constant-velocity contact with direct-path signal

18
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.arrival and zero-mean measurement noise. It is initially assumed

that there are no anomalies or features present in this model.

If anomalies are detected in the measured data 12 or in the‘
residuals formed by the data processors 11, a statistical multi-
hypotheses test is applied to the residuals to extract‘certain‘
model features in moduie 14. Thus, two distinct outputs are H
genereted:‘firstly are features likelihood scores 27 end seconaiy
are feature amplitude and variance estimates 29. The feature

likelihood scores 27 are produced by comparing the extracted

- feature to that of zero mean measurement noise and results in the

~likelihood that the features are present in the data sequence.

The feature amplitude and variance estimates 29 are a byproduct
of the productien of the likelihood scores 27. Belief functions
31 in module 15A map the results of the feature extractor 14 to
beliefsv33a and 33b usable by evidential reasoning syetem 16 and

17, wherein each output is then operated on by the separate

belief functions 31 which determine the belief 33b in the

existence ofithe felevant features and the belief 33a in feature
amplitude discrimination.

'The evidential or feature reasoning system 16 and 17 applies
Dempster?Schafer evidential reasoning 35 and performs the

following steps: (a) mapping the beliefs in the existence and

~amplitude of the features into beliefs in the set of hypothesized

models which could have caused the observed featufes for each

measurement type from each sensor; (b) cdmbining the belief in

19
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the modeling hypotheses to refine the belief in the hypothesized

‘models; (c) generating a plausibility measure which indicates a

‘lack of supporting evidence for the complement of a hypothesis or

a set of hypotheses; and (d) generating a support measure which
indicates the amount of confirming evidence for a hypothesis or
set of hypotheses. 1In principle, the support and plausibility
measures provides lower end upper bounds 37, respectively, |

representing the belief in the hypothesis or set of hypotheses.

- The lower and upper bounds 37 are used to select and rank model

hypotheses for subsequent processing. Finally, the analysis is_
repeated for selected model subsets.

The disadvantage with the above discussed prior art

~inventions is that module 18 of FIGS. 1, 1A and 2 do not

effectively select the most appropriate model or set of models
from the plurality of models heving model state information
maintained_in the alternate model store 19. That is, in the
prior ert model selection, computations of bpa, support and
plausibility are required for all elements of the power set,‘the
set of hypotheses, and all subsets of the hypotheses, placing a‘
high computational burden on the processing capability-of the
system.

The present invention, which is an improvement on module'18
in FIGS. 1, 1A and 2, presents an efficient method for hypothesis

selection from the Dempster-Shafer (DS) frame for evidential

reasoning. The invention provides a hypothesis selection

20



10
.ll
12
13

14

15

16
17
18
19

20
21
22

23

- 24

25

criterion for the DS frame of evidential reasoning while

| remaining computationally efficient.

| The system and method described below is applicable to
modeling various phyéical phenomena. The particular‘and
preférred application is for use in modeling mbving'tafgetszbas
with the prior art discussed above, such as those encountered ih
military operations. Hoyever) the scope of this invention is not
1imited to this preferred application and is considéred to
encompass the modeling'of ﬁany fdrmslof such physiéal phenomena.

The preferred format for implementing the present invention

is computer software and the resultant systemvcreated>when using

such software in conjunction with a'computer system.

-Referring to FIG. 3, a simplified flow chart of the systemv
and method of the presenﬁ invention is shoWn, designated: |
generally as 200. In general, the method ranks the‘memberé of
the power set of hypotheses by the basic probability assignments

and accumulates them in decreasing order through a union

_operation. The method is continued until the'support of the set

obtained by the union operation meets or exceeds a specified
threshold. The primary steps of the method and implemented by
the system of the pfeéent invention include step 230, ranking the
members of a hypothesis power set by their bpa (basic probability
assignment) values; and step 240, accumulating the bpa's in
decreasing order through successive union operations and

performing thresholding upon the value of support and fdr the
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~successively unioned hypotheses. Step 240 of performing

thresholding includes the Step‘of determining when the support
for a unioned set equals or exceeds a predetermined threshold
having a decimal value less than 1.00. The union set that first

reaches this threshold contains the selectedyalternate modeling -

‘hypothesis or set of hypotheses. A selection is always

guaranteed to dccur alth9ugh the number of‘hypotheses Sélected
for further processing will be dependent on the amount and |
fidelity of the evidence generated by the precedingkstages.

The detail of the system and method of the preseﬁt invention
is now descfibed with reference to thé prior art systems and“b.

methods discussed above for FIGS. 1, 1A and 2 and the ngpster-

- Shafer theory of evidential reasoning discussed in the background

section.

The invention is directed to a selection hethod and systém
for use with the DS frame of evidential reasoniﬁg,'as'shown in
the flowchart in FIG. 3. Consider a framé composed of the set of

N mutually exclusive and exhaustive hypothesis,

Oy ={H, .. H,} ' L (9)
As previously notéd, there are three useful measures of‘the,‘
set Al,‘firstly'the bpa, secondly support.and thirdly
plausibility. Although the interfelation of these three
quantities is often complex for iarge ffames, insight to this
information is obtained usihg a geometric interpretation of these

measures, as shown in FIG. 5.

22



10
11
12
13
14
15
16
17

18

- 19

20
21
22
23
24

25

Referringeto_step 210 of FIG. 3, elements A, of the power

= set, as shown ih FIG. 4 and described aboVe in the Background,

are repfesented by points in the three dimensional space of real
numbers R’ with coordinates of plausibility, support, and belief,

denoted by

F) =[p(4)s(4),m(4)] S ao

Since it is necessarily true that

P(4)) 2 5(4) 2 m(4,), | ()
the‘spaee of allowable points that represents the elements of the
power set is restricted to the interior and surfaCe.of a solid
(right) triangle or wedge of unit height shown in FIG. 5.

Referring to FIG. 5, the relationship between the
distributien of bpa in the frame and the measures of support and.
plausibility are geometrically illustrated. Thevpoint (1, 1, 1)
is the "certainty point". That is, any element Ai that is

represented by this point has all the belief assigned directly to

- it, and therefore, also has a support and plausibility of one.

If belief is redistributed from the element to its proper
subsets, theh the bpa of the element is reduced while both
plausibility and support remain at a value of one. That is, the
point representational of this moves down the belief line B, ((1,
1, 0)-(1,1,1)), until all the belief‘has been redistfibuted

exclusively to is proper subsets. In that case, there is no

~belief in the set itself and the coordinate location is the

~ "inclusion point" (1,1,0), If belief is now redistributed from
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the proper subsets into thé supersets of A, and to sets that are
non—éubsets,~but ha&e non-empty intérsection, the support for A,
is reduced while its piausibility remains one. The point moves
along the support line S, ((1,0,0)-(1,1,0)), until the
_ﬁindiSmissable point"'(l,0,0) is reached. Further redistribution

of belief into the complement of A, and its subsets reduces

'plausibility. The motion of the point is along the plausibilify

line P, ((0,0,0)-(1,0,0)), until the "exclusion point" (0,0,0) is
reached. At this point, all the belief is distributed to the‘
complement of A, and its subsets. Other redistributions of

belief to the subsets, supersets, and complement sets result in

‘points located within or on the surface of the wedge'defined by

this plane. More than one subset of the frame may be located at
a given point in the sdlid triangle. |
In step 220, and in accordance with the gebmetric

representation discussed above, the method of the preSent
invention projects‘all‘the points intb the plane of maximum.
plausibility Pme,.or the support-belief plaﬁe. A belief cut is
defined as a plane of éonstant belief PB, which becomes a line of
constant belief LB, when projected into the supporﬁ—belief plane

In step 230, the subsets are rankéd by'decreasing bpa. 1In
the step 240, beginning.with the subset(s) with the highest‘Vaiue
of bpa; all subsets repfesented by points on the belief cut are

unioned and the support of the resulting unioned set is computéd.
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The method is repeated at the next highest level of belief, again

taking the union of all the subsets in that belief cut and the
previous one and computing iﬁs support. The method is continued
until»some pre-seleéted minimum threshold for support is net'ef
eneeeded. The final unioned subset contains all the hypotheees

for further consideration. Since only those elements of the

power set with non-zero bpa and their unions need to be

"enumerated, significant computational sevings are yielded. The

reasoning for performing step 240 is as follows. The support

value for an element of the power set encompasses all the belief

(bpa) which was allocated to the subsets of that element. Since

it is desirable to contain a given level of belief in the final

selection, as given by the threshold levels, and to concurrently

obtain the smallest set of alternate modeling hypotheses for

- further processing, the support for the elements of the power Set

“are obtained by summing bpa in decreasing order, which

necessitates unioning the sets of hypotheses associated with the

- bpa values under consideration. Steps‘230 and 240 attain the

desired properties so belief containment with a minimal value.

Accordingly, this hypothesis selection method includes

ranking subsets by bpa in step 230 and then forming the union of

subsets in order of'deéreasing belief in step 240 until a support
value threshold of the union is met or exceeded and a subset most
closely modeling the actual sensed data is found. Until a model

is found that most closely produces residuals with no discernable
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features is found, the steps are repeated using the unioned

subset most closely meeting thevthreshold to select new models
for use by alternate model store 19 for iteratively rﬁnning the
steps of FIG. 3. | |
Specifically, for steps 230, 240 and 250 let B be the

ordefed set |

B=,;‘{B1, ..., By} ' : (12)
such that

m(B,)2m(B,); j>i | (13)
and K is the number of elements in the power set with non—zero 
bpa, previously defined. Let m,;, d=1,2,... be the distinct

values of belief and n, the number of sets with belief m;.

- Let the number of sets from each of g belief cuts be Lq, where

L, =an,q =1,2,...,and « (14)
d=1 :
define the union of sets of B's as Cj\
c,=UB, , o (15)

The selection criterion is then simply the set C,, with the

| smallest value of g, such that its support‘meets or exceeds the

threshold, X,

min o ‘
L,S(C,)=z4 , > | -(16)
Since DS representation in computer software’is most efficiently

implemented by tracking only those subsets of the frame withinon—
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‘zero beiief, no additional elements beyond those with non-zero

bpa need to be represented other then the few that result‘from
the union operation. Further, since the sets are combined in

order of decreasing belief, support for the union of the sets

grows in the most effioient manner.

FIGS. 6, 7, 8 and 9 (i.e., Table 1), provide a graphical

- illustration of the use of the invention, and most particularly

for the use of module 18 with‘the prior art target tracking
sYstem depicted in FIGS. 1A and 2. To evaluate the selection
criterion, a limited set of experimental results‘were obtained
for a generic frame‘of discernment with four hypotheses, {HO, Hl,

H2, H3}. As such, there are 15 elements in the power set in

accordance w1th equatlon (2) set forth in the Background section

and shown in FIG. 4 As an 1llustrat1ve example, FIG. 6 depicts
an example of an 1nput to block 14 in FIG. 1. The output of
blocks 14-17 1s,s1mu1ated in the follow1ng manner. For testing
the system, a uniformly distributed random variable was used‘to
select (i) the number of elements in the power set which would
have non—zero bpa, (ii) which particular elements to use, and
(iii) the amount of bpa those elements received. The use of
random variable with a uniform distribution means that the
experimental method is as likely to select one number from within
the allowable range as any other. A number of these trlals were
performed and one was selected as a typical example for

illustrative purposes here. The production of Table 1, shown in
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FIG. 9, by this experimental method, is deséribed as follows.
The five values to be used would be {Hi, H3}, {HO, H1}, {H3},
{H2}, ahdv{Hl} andvthe bpa values for the five selected elements
would be 0.37, 0.20, 0.28, 0.12 and 0.03, respectively. These
five elements add up to 1.00 as required. The additional |
elements as Well as thevsupport and plausibility values for all
elements are shown in the table for completenessi_

The model selection method, as used in the target tackiﬁg
system application of FIGS. i, 1A, andvz ofvthe prior art, can bé
explained as follows. FIGS. 6, 7, 8, FIG. 9 (i.e., Téble 1), and
FIGS. 10A and 10B, Tables 2 and 3, provide a pictorial
explanation of the internal model selection method in conjunCtion
with the tracking 5ystem application. Referring to FIGS.Ilbénd
2, the output of Module 11 are the’features which are interpreted
by the evidentiary reasoning system, i.e., Modules 14-17. A_"
graphical interpretation of the output from Mbdel 11 asAseen by:
Modules. 14-17 is shown, graphically in FIG. 6, wheréin the x's
indicate unbiased data and the +'s indicated biased, feature
altered data. As stated earlier in the disclosuré, Médules ;4—17
determine ‘the likelihood that particular features are present,
énd if present, the belief that such features’héve’amplitudes
which fall in fuzzily defined regions (e.g., weak,‘moderate,
stroné). Moduleé 14-17 subsequently combine and interpret the

features. The output of Module 17 of the determined suppbrt‘for

each subset, serving as the input to Module 18, is graphically
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portrayed by FIG. 7, which is also a graphical representation of
Table 1.

The model selection method for the DS frame of evidential

. reasoning via Module 18 in accordance with the present inveﬁtion

explained. 1In accordance.with the present invention, Module 18
implements the DS frame of evidential reasoning as illustratéd‘in
one example described'intthe following paragréph. Further, the
wide adaptability of the process of Module 18 to fit conclusions
neéding to be drawn will be illustrated with a‘simpleiséléCtion »
of a threshold critéfia. |
In the example, a selection criterion of‘at least 80% of the
bpa‘to support the selected element is chosen. Referring’to FIG.
9 showing Table i, all élements of the power set, as discussed'
above, are shown with the bpa values resulting from ap?lication
oﬁ the evidentiary reasoning system. For illustrative purposeé,

all bélief, support and plausibility values are shown in the

~ table. However, only those elements which have noh—zero beliefs

computed by the system 200 of the present invention are used as

input to the model selection method of Module‘le,'in accordance
with step 210 of FIG. 3. In the selection method of the system
200 and step 230, the elements or subsets of the power set
received are fifst sorted by decreasing bpa value; as shown in
Table 2 of FIG. 10A. 'The sorted numbers correspond to those
given by equations (12) and (13). Applying the selection

criterion of step 240, unions of the ordered sets C,, as
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described in equation 15, aré obtained at the successive level
cuts as shown in Table 3, of FIG. 10B. Referring to'Table 1 of
FIG. 9 and‘step'230 of FIG. 3 the';ubsets of the frame, as'
discussed above, are arranged in order of decreasing (and noh—w
zero) bpa, producing'the subset ranking, [H1, H3], [H3], [HO,
H1i], [H2], and [H1] with bpa of 0.37, 0.28, 0.20, 0,12, and 0.03,

respectively. With respect to performing'unionihg in accordance

b

"with step 240 and applying the selection algorithm, the unioned

subsets at the successive level cuts comprise [H1, H3] with
support 0.68, [H, 0, H1, H3] with support 0.88, and [HO, H1, H2,

H3] with support 1.0. For the chosen selection criterion that

the support of the selected element of the power set encompass at

least 80% of the bpé, the élement selected'would'be the one
corresponding to union number C3, or set {Ho, H1, H3} in
acéordance with step 250 as described in equation (16).

| Referring to FIG. 8, a graphical representation of the
selection method is Shown. Due to the DS frame of evidential
reasoning, only those elements of the power set with non-zero bpa
need to be tracked, thus saving time in computing the support and
plausibility values for the remaining elements of the power set.
For this example, only two support values neéd be COmputed, ohe
for {H1, H3} and one for'{HO, H1, H3}, oﬁt of a possible totél of
fifteen support values. Since the number of eleﬁentshin a phwéf

set, K, grows exponentially as a power of two, frames of

discernment with even a modest number of hypotheses will have a
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large number of elements in the power set. For instance, this
power set with four hypotheses in the frame cf discernment has
fifteen elements, but a more realistic frame of discernment with
only eight hypotheses WOuld have 255 eiements. “Also, since the
selection algorithm only uses support as an indicetor of belief,
only a single plausibility value need be'computed. HoWever,"this
does not preclude generation of plausibility values for other
elements of the power set. |

This invention provides a method for accurately selecting
models of physical phenomena. The invention entails the
development of a hypothesis selection criterion for the DS frame
of discernment, and has apblicability to fuzzy logic’based
systems and rule based systems as well. This method accumulates
belief such that a selection is made in the most efficient
manner, i.e., with the fewest computations possible. This can
become important in that while the example given”in Table 1 only
show reasoning ovef 15 elements in the power set for 4
hypotheses, if Ehe number of hypotheses were doubled, the number
of elements in the power set to reason over would be 255,
however, the maximum number of support computations required‘by
the selection criterion described hereiniWould be 8.

This invention can be used in any system that required an
efficient method for hypothesis selection. In‘additicn, whiiel

the application of the selection criterion focuses on DS

~evidential reasoning, the technique may also have application to
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other reasoning systems, i.e., fuzzy sets, possibility theory and

- Bayesian theory. Accordingly, while this invention has been

described with application to the DS frame of evidential
reaéoning, the invention as described above is also ektendable’
for use with fuzzy ééts.- |

As alternativés to the above disclosure, several‘other‘
selection criteria for the subsets of the DS frame that‘involved
distance measures were examined. The first such measure is the
distance of a subset from the certainty point (1,1,1). In this
method, subsets are collected (unioned) until the accumulated
belief exceeds some threshold. Since the frame 6, is located on
the belief liné {(1,1,0)—(1,1,1)), it is aiways included once the
radius has reached a value of one. Consequently, if the belief
threshold has not beén reached before the frame is enéountered, a
complex set of logic must be invoked. In addition ﬁo the logic

problem, all the elements in the power set must be represented,

which as noted previously, can be a large number for modest -

frames. A second alternative method includes examining the

“ distribution of points when projected down into the plane of no

belief or the plauSibility—support plane. This‘teChnique is

subject to the same limitations as the first method.

-Thevprimary advantage of this invention is that a method and

system in provided for the efficient selection of hypothesis for

modeling physical phenomena based on the results of an evidential

reasoner. Another advantage of this invention is that a method

32



10

11 .

12

13

t 14

15 -

16

17

18

19

20

21

C 22

23
24

25

and system is provided for assessing models of motion of physical

!

phenomena through a fluid, which motion causes an acoustic signal

that traverses an uncertain path which is received by sensors
‘with uncertain biases, in the presence of noise. Still another

‘advantage‘of this invention is that a method and system is

provided for ranking hypothesis of models of physical phenomena,

- such that the processing.capability of the system using the

method and system is provided of the present invention is

enhanced. And still another advantage of this invention is that a
method and system is provided for accurately and efficiently

selecting models of physical phenomena which entails a

‘development'of hypothesis selection criterion and which is

applicable to'the Dempster—Shafer frame of“evidential reaSoning
as well aS‘fuzzy logic based systems and rule based systems | Yet
another advantage of this invention is that a method and system
is prov1ded for efficiently selecting models of physical .

phenomena such that the selection is made in the most efficient

manner with the fewest computations possible.

)it is to be understood.that the invention is not limited to
the illustrations described and shown herein, which are deemed to
be merel? illustrative of the best modes of carrying out the
invention, and which are susceptible of modification of form,
size, arrangement of parts and details of operatioh. The
invention rather is intended to encompass all such modifications

which are w1th1n its spirit and scope,,
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Attorney Docket No. 75764

HYPOTHESIS SELECTION FOR EVIDENTIAL REASONING SYSTEM

ABSTRACT OF THE DISCLOSURE

A method for the selection of hypotheses for modeling

_ physical phenomena, 1ncludes detectlng if selected features are

" present by analyzing actual sensed data and parameter values of

an initial physical phenomena model; comparing feature estimating
hypotheses to the actual data for determinlng a belief
probability assignment value (bpa) for each of the hypotheses

which indicates the likelihood that the selected features ex1st

’ in the actual data and the likelihood that such selected features

cannot accurately be determined as existing due to the presence
of noise; seleoting a set of the hypotheses most accurately
modeling the physical phenomena based on the bpa of each selecteQ
hypotheses meeting a predetermined criteria; generating

evidential support values and lack of evidential support values

for subsets of the set having non-zero subset bpa's; ranking the

subsets having non-zero subset bpa's in order of decreasing
subset bpa; unioning subsets of the power set for forming unioneo
subsets and determining support values and plausibility values
for the unioned subsets; comparing the unioned evidential support
values to a predefined threshold value; and using at least one of

the unioned subsets having a unioned evidential support value

34




most closely approximating or exceeding the threshbld’value for
selecting alternate models having selected features which more

closely approximate the actual data.
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BPA | SUPPORT | PLAUSIBILTY
fHg.H1,H2.H3} 0 1 1
{H1,HoH3} 0 0.80 1
{Ho.Ha.H3} 0 0.40 0.97
fHo.H1,Hz3} 0 0.88 10.88
fHo.H1.Hzl 0 0.35 0.72
{Hq H3} 0 0.40 0.77
 {Hj,Hz} 0.37 0.68 0.88
{H1,Hp} 0 0.15 072
fHo H3} 0 0.28 . 0.85
fHoHad | o 0.12 0.32
~ {HoH1} 0.20 10.23 0.60
{H3} - 0.28 0.28 0.65
{Hq 3} 0.12 0.12 0.12
{H1} 0.03 0.03 © 0.60
{Ho} 1o 0 0.20
FIG. 9 (TA8LE 1) .
SORTED NUMBER ~ BPA
B1 fH,Hst | 0.37
B2 fH3} 0.28
B3 fHo,H1} 0.20
B4 fHp} 0.12
B5 fH1} 0.03
FIG. 104
UNIONED NUMBER ADDED SUPPORT | PLAUSIBILTY
B | BPA S |
C1=B1 fH1,H3} 0.37 0.68 0.88
c2=B1UB2 fH1.Hs} 0.28 0.68 0.88
C3=B1UB2UB3 fHo H1,H3} 0.20 0.88 0.88
C4=B1UB2UB3UB4 |{Ho.H1.H2,H33|  0.12 1.0 1.0




