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Abstract

Neural Network Based Shaped Neighborhoods:
A Design Retrieval System

by Frank S. Holman IIT

Chairperson of the Supervisory Committee:
Professor Robert J. Marks II
Department of Electrical Engineering

The life cycle cost of a single detail part in a large assembly such as an airframe
includes design, tooling, manufacture, maintenance and other associated computing
overhead throughout the 40 year life of the part. These expenses are a significant factor in
the final cost of the assembled product. As such, opportunities exist in preliminary design
to identify and exploit existing “similar parts” that are already configured in the release
system. The notion of a similar part properties includes geometric parameters as well as

other non-geometric attributes such as material and finish.

This dissertation is based on an 8-dimensional hyperspace where the axes of the space
represent an appropriate set of the detail part properties discussed above. Thus, any given
detail part can be mapped directly into this space. In this domain, the concept of similar
part discovery reduces to identifying an appropriate neighborhood around a given target

location. This dissertation develops “shaped neighborhoods™ in hyperspace using a neural



network based vector approach. The method provides the required flexibility to define
highly specific neighborhoods which in turn yield highly refined search results. Put another
way, these 8-dimensional shaped neighborhoods, called “cookie cutters™, provide the
means for defining individual property variability as a simultaneous function of all other
property variability.

Finally, an improved NN training algorithm specifically suited to the network topology
used to represent the shaped neighborhoods is presented. In this algorithm, Kohonen self-
organizing feature maps (SOFM) are used to define a topology preserving mapping
between a high dimensional NN input space and a two dimensional output map space. NN
training error is associated with respective SOFM map nodes. Thus, the Kohonen map
nodes represent vector prototypes over the input domain and the values associated with
each map node are representative of training error for a generalized region in the mput
domain. This dissertation exploits this relationship by defining a weight update expression

based on this error leading to an accelerated network convergence algorithm.
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Chapter 1

Introduction

The life cycle cost of a single detail part in a large assembly (such as a commercial
airframe) is accumulated from various processes including design, tooling, manufacture,
maintenance and other associated computing overhead throughout the 40 year life of that
part. These detail part expenses are a significant factor in the final cost of the assembled
product. Opportunities exist in preliminary design to identify and exploit existing “similar
detail parts” that are already configured in the release system, thereby decreasing the
overall product cost by reducing or eliminating portions of the various processes listed
above. The notion of a similar part in this context certainly includes geometric similarity,
but also spans other non-geometric attributes such as material, finish, and other physical
properties such as strength. The challenge is to organize the massive amounts of data
associated with these detail parts, and to provide an efficient, intelligent design retrieval

methodology, and ultimately avoid detail part redundancy.

1.1 Problem Statement

Current commercial airframe design and manufacture is typically organized in terms of
functional divisions (structures, payloads, electrical, hydraulic, etc.), which typically have
their own design tools and processes. Detail part designs and related supporting processes
tend to get localized within these divisional boundaries. Even within a division, there are
wide ranges of disciplines and computing environments impairing the sharing of design

data. As such, a design engineer may design a bracket or clamp and release it to the



configuration management system unaware that an already reieased part (including all its

process plans and manufacturing support data) was already available.

The problem is compounded by the very notion of part similarity. While it is true that
certain design parameters such as strength and physical dimension are objective and
dictated by the design requirements, it is also true that certain design attributes such as
finish or the combination of material and thickness are subjective, and based on an
engineer’s training, experience, and preferences. The final design is a product of these
objective and subjective parameters. Thus, the concept of similar part should include all
the different geometric and non-geometric properties, plus the range of acceptable
variability for each of these properties, plus a method for relating the range of variability

between different properties of the design.

To pose the problem euphemistically, this dissertation is concerned with finding a
needle (actually, a handful of needles) in a haystack. The needles are individual detail part
designs and the haystack is a configuration management system (engineering release
system) containing millions of detail parts. Note, the term detail part refers to an individual
manufactured object which is typically associated with a part number. In classical
configuration management terminology, detail parts are used on assemblies, and
assemblies get incorporated into final products. The finding of the needles corresponds to
identifying a reasonable collection of similar parts given some target design which could
then be considered as candidates for reuse. The purposes of course is to eliminating the
potential creation of a new detail part when a suitable similar part already exists. Thus a
handful of similar part candidates might be the best 5 or 10 matches as determined by
some criteria, which a design engineer could evaluate individually for suitability with

respect to a particular design requirement.
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1.2 Previous Work

With such obvious pay back associated with the reduction of duplicate parts in the
aerospace industry and others, it is easy to understand the motivation for defining and
implementing effective design retrieval systems. Certainly, the integration of relational
databases with object oriented technology can provide an environment capable of
addressing the issues associated with similar part identification and retrieval through class
definitions supporting methods for similarity processing. Unfortunately, these systems are

not yet up to the task of supporting millions of parts.

Neural Networks have been employed at Boeing Commercial Airplane company
utilizing ART (Adaptive Resonance Theory) technology developed by Carpenter and
Grossberg [1991]. These methods include pre-clustering detail parts with respect to their
2D profiles, and other physical properties. A user interface delivers these cluster in
response to a user provided target part. The downside of this method is that similar part
candidate must be pre-clustered in a relatively computing intensive training cycle which

tends to encumber modern day concurrent engineering design methods.

1.3 Contributions

This dissertation defines and prototypes a highly responsive engineering design retrieval
system suitable for implementation on a large scale supporting millions of part instances.
In particular, innovations developed include the notion of shaped neighborhoods in high
dimensional space as a vehicle for discriminating part instances with respect to generalized

and functionally related part characteristics.



A number of software tools and methods were developed spccifically to support the
implementation of the design retrieval system defined in this dissertation. Specifically, a set
of visualization tools capable of rendering shaped neighborhoods into TIFF images
through a modified ray tracing algorithm is defined. While this tool 1s ideally suited for
renderings of 3D shaped neighborhoods, it is general in nature and could ostensibly be
used by any developer of neural network applications requiring visualization. Recall that

high dimensional spaces have potentially useful projections into 3 dimensions.

Finally, a Kohonen [1984] Self-Organizing Feature Map (SOFM) is used to
characterize neural network input space leading to a fuzzy logic based method for
accelerated neural network convergence. This algorithm is developed especially to assist in
training neural network topologies optimized for use as shaped neighborhoods in the
context of the design retrieval system presented in this dissertation. And, like the
visualization tools above, this technique is applicable to neural network training in general,
providing convergence visualization in the open loop mode, and convergence acceleration

in the closed loop, fuzzy logic feedback mode.

1.4 Dissertation Outline

Chapter 2 develops the concept of shaped neighborhoods in N-dimensional space
specifically as applies to the design retrieval system defined in this dissertation. These
neighborhoods are further put in context by establishing engineering detail part
parameterizations, and the relevance of neighborhood concepts. Chapter 3 through 5
continue the motivation and development of shaped neighborhoods through analytic, fuzzy
logic, and neural network based approaches. Chapter 6 presents a set of visualization tools

capable of operating in the realm, thus providing enhanced



development capabilities as well as visual verification of results. An accelerated
convergence algorithm including fuzzy logic feedback derived from Kohonen SOFM is
presented in chapter 7. Finally, a description of the definition, implementation, and
verification of an engineering detail part design retrieval prototype based on the methods
and techniques developed in this dissertation is presented in chapter 8, followed by

conclusions and future work in chapter 9.



Chapter 2
Shaped Neighborhoods

2.1 Introduction

This dissertation defines an Engineering Design Retrieval System based on Shaped
Neighborhoods in high dimensional space. Detail Parts are characterized using their
physical properties and mapped into the high dimensional space accordingly. Parts similar
to a given target part are “discovered” by considering various neighborhoods surrounding
the target part’s represented in the space. A number of methodologies are suitable for
representing these N-dimensional neighborhoods including analytic, fuzzy logic, and
neural network approaches, where the “shape” of the neighborhood produced by these
representations ultimately determines the set of similar parts returned by the method. Thus
a given shaped neighborhood selects a region of space by virtue of its boundary definition,
and points inside the boundary correspond to instances of detail parts considered similar to

a target part located at the origin of the shaped neighborhood.

This chapter describes a computing environment based on an 8-dimension space for
characterizing and retrieving individual engineering detail part designs. A motivation for
such an approach is given followed by a definition of engineering detail parts as applies to
this dissertation. Next, a relational database supporting infrastructure is motivated and
developed. The hyperspace concept is introduced and a detail part parameterization in this
space is defined A theoretical specification of a shaped neighborhood with respect to the
computing environment is given, and finally a design retrieval methodology based on these

shaped neighborhoods is presented.



2.2 Motivation

A number of factors motivate the shaped neighborhood based design retrieval system
presented in this dissertation. Certainly, the shear magnitude (scale) of the problem
domain is important in light of the fact that commercial airframes can contain millions of
detail parts. Some object-relational systems may perform reasonably with total database
entity counts in the tens of thousands but fail at the scale required by the commercial
aircraft industry. A second factor is characterized as the ability to completely specify
selectivity. Other retrieval systems can handle large quantities of data but sacrifice the
ability to constrain selection criteria in a meaningful way. This shortcoming manifests itself
when hundreds or thousands of parts are returned in response to some search criteria

making it humanly impractical to inspect the results for final acceptance.

Large manufactured structures such as the Boeing 777 airframe, can incorporate
millions of detail parts. These structures are typically designed in a hierarchical fashion
along divisional (functional) disciplines where detail parts get used on assemblies which
in turn get incorporated into larger and larger substructures. Divisions (structures,
payloads, electrical, hydraulic, etc.) typically have their own design tools and processes,
and detail part designs tend to get localized within these divisional boundaries. Studies
have shown that part counts might be reduced up to 15% if a “discovery and part sharing
mechanism” were in place during preliminary design. These studies are motivated by the
large costs associated with designing, producing, and maintaining part configuration
during the lifetime of the product. In the aerospace industry, this lifetime is typically
mandated as 40 years or more by the Federal Aviation Agency (F.A.A).

The aerospace industry is in a constant state of change with respect to both airplane
products and the computing environments which support the design and manufacture of
those products. Dynamic advances in materials and engine technology, coupled with the

ever present customer demand for new airplane products deemed necessary to support



various market strategies, results in a continuing procession of new airplane products and
derivatives. Manufactures place incredible emphasis on time-to-market and other cost
reduction strategies in order to compete for these market opportunities. One of the most
important cost reduction strategies that can be employed is design retrieval, also known as
part reuse, where suitable previously designed and released parts are identified and reused
in two or more places. In this manner, the costs associated with design, tooling,
manufacture, and maintenance are distributed over the number of individual uses for each

part.

This dissertation develops a parametric approach to detail part representation and
subsequent search, through the use of an N-dimensional hyperspace as defined in terms of
classical linear spaces and their associated algebra. As such, a linear space is defined set
theoretically in terms of its operations including addition and scalar multiplication where
each axis of the space is associated with a specific detail part property (length, width,
principal moments of inertia, etc.). Thus, detail parts are represented as points in this
space, and similar parts tend to be neighbors in the space. Search mechanism become
synonymous with defining and operating on neighborhood boundaries. Author B. B.
Chaudhuri [1996] suggests a new definition of a point in multi-dimensional space, and
their associated neighborhoods. He proposes choosing neighbors by minimizing the
distances to the centroid of an evolving point aggregate thus creating a symmetry

constraint. This definition is not appropriate to this dissertation due to this symmetry.

2.3 Engineering Detail Part Types

State-of-the-art airframe construction includes a hierarchical structure where major

components such as wings, fuselage, and tail are built up from substructures such as

frames, stringers, and ribs, which are in turn built up from detail parts. Some common



detail part types used in the manufacture of airframes are shown in Table 1. To complicate
matters, many of these part types are produced automatically through Intelligent CAD
(ICAD) systems using generative, parametric algorithms. As such, significant numbers of
parts exist with only minor variations in certain non-critical properties such as fastener
location or edge margins, etc. These parts are excellent candidates for a similar part

discovery and reuse methodology.

Table 1. Detail Part Types

Angles Fittings Shear Ties
Stiffeners Brackets Floor Panels
Shims Tees Channels
Plates Spacers Chips

Tube Blocks Duct Supports Zees

There are actually hundreds of part types in a commercial airframe and each part type
can have tens of thousands of families. Each family can have hundreds of members.
Associated with each and every detail part is an extensive set of design, manufacture, and
maintenance processes and their associated costs. The end result is that there are literally
millions of detail parts being used on large airframes with an estimated reuse opportunity

on up to 15% of these parts.

An example of a detail part from the shear tie part type is shown in Figure 2-1. As the
name implies, this particular part type connects two or more surface type structures
together at some shear angle. The part shown might secure a wing rib to the wing skin.
The scallops actually provide weight reduction by eliminating certain non-structural metal

from the part. Fasteners holes would be drilled corresponding to the scallop locations.
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While the weight saved for this particular part due to scallops is measured in fractions of a
gram, the weight mounts up when multiplied by the hundreds of thousands of detail parts

on an airframe.

Figure 2-1. Shear tie detail part. Family members would vary parametrically in
cross-section, length, material, etc.

Geometric parameters (length, thickness, etc.) and non-geometric attributes (material,
finish, etc.) are defined for each detail part and stored in a computer based design
environment. Taken together, they comprise the part’s properties. The objective of a
design retrieval system is to provide opportunities during preliminary design for engineers
to discover and analyze the suitability of existing part design with respect to their current
design requirements. This suitability is of course dependent on the part’s properties, so the
discovery mechanism must as a minimum take these into account. Further, a more refined
discovery mechanism would also take into account relationships between properties such

as strength-to-weight ratios etc.
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2.4 Relational Database Infrastructure

Large scale Object-Relational databases have come of age. Invariably, these databases
store data in tables which are related through keys. In particular, tables are typically 2
dimensional constructs where the columns of the table represent individual object
parameters and the rows represent single instances of the object. Key attributes relate
various tables together through a defined schema. Standard Query Language (SQL) is
used almost exclusively as an access interface [Chamberlin, 1996]. SQL is an international
standard supported by most database providers. It is an evolving language which supports

a rich access to data.

The concept of fuzzy search is implemented in this language where a desired attribute
value can be specified as a range. However, this is not really fuzzy in terms of a classical
generalized membership function. Even though a given parameter is specified over a
range, the boundaries of that range are crisp and the probability for a given parameter
value over the range is uniform. As such, boundaries between selected and not selected
instances in search space are linear. In fact, when two or more search parameters are
specified as ranges, the resulting selection is rectilinear in search space. This may be
acceptable in lower dimensions, but suffers considerably in higher dimensions with respect

to the ability to produce refined discrimination over the domain.

The relational database, with its associated table structure and SQL capability, does
however provide an excellent environment on which to implement the more sophisticated
search methodologies presented as shaped neighborhoods in this dissertation. In particular,
the IBM Universal Database DB2 for AIX workstations (known as UDB) provides
terabytes of storage, and SQL query techniques are excellent for returning the rectilinear

sub-regions in space corresponding to a first cut at part similarity.
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2.5 Detail Part Parameterization in Hyperspace

The design retrieval system presented in this dissertation is founded on the idea that given
an appropriate parameterization and representation of geometric detail part properties in
some N-dimensional space, where N is the number of individual detail part parameters
defined in the representation, similar parts will be “neighbors” in that space. This
hyperspace is formed by a set of N orthogonal axes, where each axis is associated with a
unique part parameter (e.g. length, mass, etc.), and where individual detail parts are
represented as points in the hyperspace. The domain of the hypercube thus formed is
simply the range along each axis determined by the minimum and maximum values for that
particular part property exhibited by any member of the part population. Since the
properties are all positive real values, the hypercube is entirely in the 1¥ orthant. The
individual detail part properties become a set of indexes which uniquely locate that part in

the space.

Today’s CAD systems provide a modeling environment featuring exact solid models.
An entire airplane is digitally pre-assembled (defined) in this environment where form, fit,
and function can be analyzed and tested without actually creating physical parts. Thus,
detail parts are defined as “solids” in this environment, complete with physical attributes
length and density. Computer methods for performing operating on these solids
(translations, rotations, etc.) as well as ascertaining other physical properties such as
volume, surface area, and moments of inertia are immediately available in the CAD
environment. These tools are used to capture the required detail part properties used in

this dissertation.

The hyperspace developed for this dissertation is 8 dimensional, each dimension
representing a geometric property of detail parts. Parts are first placed in a “standard”

orientation through use of their moments of inertia, where the major part axis is aligned



with the X axis of the defining coordinate system. Then the center of gravity is translated
to the origin. A bounding box is defined based on this orientation and the height, length
and width of this box become the first three indexes into the hypercube. The other
properties shown complete the 8 dimensional coordinates of the point representation in

hyperspace for any particular detail part. Table 2 shows these properties.

Table 2. Hypercube Properties

Dimension Property

Bounding box height
Bounding box length
Bounding box width
Part surface area

Part volume

X moment of inertia (Iy)
Y moment of inertia (Iy)
Z moment of inertia (I,)

OO\ W A~ WK

Note that the long axis of the part aligns with I, the moment of inertia around the x
axis. This is a result of the standard orientation routine applied to all database parts (and
indeed all target parts) to facilitate comparisons. The eight real values obtained from this
property analysis become the 8 indices into the hypercube and provide a unique “handle”
on part geometry. In actual implementation, the values are stored in corresponding
columns in the relational database part table. Similar parts are discovered by identifying a
neighborhood around a target part’s properties as representation in the hyperspace. These

properties are shown more specifically for a shear tie detail part in Figure 2-2.



Figure 2-2. Part properties used as indexes into the hypercube.

2.6 Theoretical Specification of Shaped Neighborhoods

The notion of “similar part” now equates to the concept of a neighborhood around some
target location in the hyperspace as defined above. This concept is extended to include the
idea of “shaped neighborhoods™ as opposed to simply a rectilinear or spherical
neighborhood. This generalized shaped neighborhood is motivated by the desire to be able
to define the neighborhood boundaries functionally, that is to say as functions between
each parameter and all other parameters. This providing an environment able to fully
exploit existing inter-parameter relationships, thereby extending the discriminating power
of the system. These shaped neighborhoods are implemented using three interchangeable

filter classes based on methodology, namely analytic, fuzzy logic, and neural networks.
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All three classes of filters (described in this dissertation) can be considered black boxes at
the functional level, that is, candidate parts are presented at the input and selected parts

meeting the filter criteria are returned at the output.

At a theoretical level, an N-dimensional hyperspace is defined where each axis of the
space is associated with a specific physical property of a detail part. Thus the domain for
the space is limited by the maximum expected value for each of the properties. In practice,
a bounding box is obtained for each detail part to be mapped into the hyperspace based on
a standard orientation algorithm. Other property data is obtained either directly, or derived
from, a computer representation of the part. Thus, a given detail part maps to a specific
location in the space. The range on each of the principal axes in the hypercube is specific
to the physical property being represented by that axis. For instance, the bounding box
length axis would be real valued and go from zero to a couple hundred inches or so. In
this manner, a database of parts is represented in hyperspace as discrete points whose
coordinates in the space are given by the physical properties of each of the respective

parts.

Finally, the candidate detail parts are discovered through a succession of filtering
processes imposed on this hypercube structure. Classical SQL queries return a superset of
parts which can be considered a first approximation of the desired similar part candidates.
The rectilinear regions characteristic of such an SQL query typically deliver hundreds of
candidate parts depending on the concentration in any particular region of the hypercube.
This is usually more than a design engineer can handle during an evaluation phase.
Consequently, the SQL superset is further refined through the use of analytic, fuzzy
logic, or neural network based shaped neighborhood filters used to bring the final number

of returned candidates down to a reasonable number.
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There is an interesting feature of the hypercube regarding enclosed volumes. Imagine a

sphere inside a bounding box in hyperspace. In 2 dimensions, this is just a circle in a

square. The area outside the circle of radius r, yet inside the bounding square is given:
Area = (2r)’- & () (1)
and the percent of area outside the circle yet inside the bounding square is given:
% Area = ((2r)* - © (r?)) / (2r)? ' )

Now for the unit circle, r=1, the percentage is 21%. The equations for determining the

volume for the “unit sphere™ in a given n-dimensional space are given in (3) and (4).

mr 2n
n! 3)

V2n =

22n+1 nt Tor 2n+1

V2n+1 = 1)l @

In 3 dimensions, the volume outside the unit sphere, yet inside the tangent bounding box

is 47%. Extending the analogy to higher dimension yields surprising results which have a
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profound effect on the type of searches considered in this dissertation. Namely, the volume

for an 8 dimensional “sphere” of radius r is:
Volume = ' r’ / 4! ()

For an 8 dimensional ball of unit radius, this yields a volume of 4.06 and the percentage of

“volume” outside the unit “sphere” yet inside the bounding “box” is given:
% Volume = (512 - 4.06) / 512 =99.2% 6)

Equation (6) states that over 99% of all points in an 8 dimensional hypercube
bounding a unit sphere in that space, are further away in magnitude than the unit norm
from the center of the cube. Another way of saying this is that over 99% of the bounding
box volume is outside the unit sphere centered in that box. Often referred to as “The
Curse of Dimensionality”, this has a profound imbact on search resulits in this space. Pavel
Pudil and Jana Novovicova [1998] have proposed methods for reducing the dimensionality
of the problem based on a user level of a priori knowledge regarding the data domain. The
authors go on to develop methods for approximation and classification based on
probability density functions and feature selection. The second approach uses a divergence
method for selecting the most useful features for describing the differences between two
possible classes. Their methods would be appropriate to the work presented here if the

sole objective was similar part clustering.

The significant issue is that simple Boolean search criteria return rectilinear regions in
their respective search space. The “corners” of these rectilinear regions can become quite
remote from the region’s central point as the dimensionality of the space increases. Thus,
there is a high probability that neighbors, as defined by inclusion in these rectilinear

regions, will have combinations of part properties that disqualify them as similar parts
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even though their individual properties are highly correlated. A more refined search
methodology would necessarily take into account relationships between part properties.
The most general approach would provide a means of functionally relating every property
to all other properties. This in fact is the motivation for “Shaped Neighborhoods™ as

developed in this paper.

This last notion of relationships between part properties is the thrust of this
dissertation. The ability to define and operate on relationships between engineering detail
part parameters provides the basis for the “refined search and retrieval” methodology
presented in subsequent discussions. These relationships are implemented through a
continuum of techniques bounded on one end by a relatively constrained Boolean
approach, and on the opposite end by a completely generalized approach involving neural
network based shaped neighborhoods in hyperspace. Together, these techniques providea
set of filters or “cookie cutters” which can be stacked (used in series) to provide a search
engine capable of operating in million part environments, with the ability to deliver highly

refined search results.

2.7 Design Retrieval Methodology

Given the hyperspace discussed above as a vehicle for representing a database of detail
parts, the concept of similar parts can now be defined as all parts whose point
representations in the defined hyperspace fall within some specified neighborhood of a
target part’s representation in that space. In classical terms, this specified neighborhood
could be taken as the rectilinear region in hyperspace formed around the target part’s
point representation location (defined here as nominal), plus or minus a specified range of
acceptable variability defined individually for each axis (part attribute). For example, a
similar part might be a part whose height is equal to the target part’s height plus or minus

one inch OR whose length is equal to the target parts length plus or minus two inches.
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This is characterized as the Union of the two criteria. A slightly more refined criteria is
obtained by the Intersection of the two criteria. The various resulting regions are shown

below in Figure 2-3.
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Figure 2-3. Union and Intersection in 2 dimensions.

The above neighborhoods are valid and “similar” parts are discovered. However, the
drawback to these classical neighborhood definitions is the fact that the range of
acceptable variability on each axis is independent of all other axes. Thus, the relationship
of one parameter to another with respect to similarity is not encoded and opportunities for
refined matching are missed. A circular neighborhood (in N dimensions) begins to address
this issue by limiting the vector formed in hyperspace between a target part and candidate
parts in the vicinity to some specified magnitude. However, this approach provides only
marginal improvement over the rectilinear neighborhood with respect to property

interdependence.



This dissertation extends the above rectilinear and circular definitions of neighborhood
to the concept of Shaped Neighborhoods in hyperspace. The ability to functionally relate
one parameter to another, indeed all parameters to all other parameters, independently
throughout their range, using either analytic methods, a neural network, or a fuzzy logic
based approach to neighborhood representation, provides the optimum environment for
explicit property specification. This ability leads to highly refined matching in the
hyperspace search paradigm. These shaped neighborhoods (analytic, neural network and
fuzzy logic based) are referred to as “cookie cutters” in this dissertation for obvious
reasons, and they provide a set of interchangeable filters which can be used independently,
or stacked, to yield highly refined search results over the detail part hypercube
representation. A continuum of 2 dimensional cookie cutters implemented as neural

networks are shown in Figure 2-4.

Figure 2-4. A continuum of Neural Network based, 2-D cookie cutter filters.

These particular “cookie cutter” filters are characterized as symmetric as well as
analytic (in that they alsc have a closed form representation). They were derived from an
r" composition where r; is the distance from any given point in the domain to its
projection on the i axis, and n varies from -2 to +3 going from left to right. The
interesting feature here is that this continuum of filters is bounded on the right by the

classical rectilinear results discussed above, and bounded on the left by an appropnate
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union of SQL queries. The improvements in search capability obtained from the methods
derive precisely from the fact that there is a continuum of filters between the bounding

extremes, and refined inter-parameter relationships can be defined utilizing this continuum.

For instance, the left most filter defines a high degree of inter-parameter dependence.
As one parameter is allowed to vary to the extremes of its range, the second parameter is
constrained closer and closer to its nominal value. Conversely, in the right most filter, the
two parameters can vary to their respective extremes independent of each other. This right
most filter is exactly the same “box™ depicted in the classical union relation shown in
Figure 2-3. The concept of these 2D shaped neighborhoods extends directly to 3D and
above. Figure 2-5 shows a neural network based 3D filter. This image was rendered by an
auxiliary ray-tracing algorithm (defined completely in chapter 6) where the neural network

supplied filter boundary intersections and normals.

Figure 2-5. Three-dimensional neural network based cookie cutter filter. The image
was rendered through a ray-tracing algorithm where the NN supplied intersections
and surface normals for given points in space. In actual use, the NN supplies “in or
out” criteria corresponding to selected or not selected for a particular search.
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Other non-analytic, non-symmetric filters are available in neural net or fuzzy logic
form providing infinite variations on search criteria. These filters can be stacked together
or used individually to provide a refined search criteria over the hypercube environment as
shown in Figure 2-6. Like any series operators, effects at any stage depend on results
obtained form previous stages. In this manner, a reasonable number of candidate similar

parts can be obtained from among millions, for suitability analysis by a design engineer.

% Target Part

Hypercube
Detail Part
Repository
speeee |2
- ec AP
= E ’ AP

% Q Candidate Parts
% % Selectable Filters

= %% e/l 4 1

Analytic r12 ro

Fuzzy

NN |

Selected Parts

Figure 2-6. Refined search criteria utilizing stacked filters in hyperspace.



The design retrieval system defined in this paper was prototyped on an Enterprise
3000 workstation. The hypercube itself was implemented as a single table in UDB
(Universal Database) running on this platform. This is the IBM DB2 relational database
running in the workstation environment, supporting an SQL (Standard Query Language)

interface. The filters were developed in C programming language.
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Chapter 3
Analytic Based Neighborhoods

3.1 Introduction

The first class of filters, and the easiest to implement, are the analytic filters. These filters
are indicated when detail part inter-property relationships are easily defined through some
analytic expression. An example might be where part weight is required to be proportional
to part length for instance. In this case, a target part would establish the constant of
proportionality and thereby determine a line through the hypercube. Similar parts would

then be selected by virtue of their proximity to this line.

In theory, this sounds fairly straight forward, and in fact it is for very simple
relationships. Many times the relationship, including parameter variability, can be
established directly in the SQL query itself. Unfortunately, an SQL query based method
alone has serious shortcomings and a more generalized approach of analytic filters as
shaped neighborhoods post SQL is appropriate. This chapter defines such analytic based
shaped neighborhoods, and ultimately sets the ground work for the neural network based

neighborhoods of chapter 5.

3.2 Relationships through SQL queries

The simple relationship suggested in section 3.1 above can in fact be established in an SQL
query since expressions in SQL can be constructed combining the standard arithmetic

operators add, subtract, multiply, and divide. Unfortunately, even with this
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simple example, the notion of similarity becomes awkward. For instance, consider just 2
parameters P1 and P2 related through a proportionality constant M and a range of
variability R. This basic proportion is shown in equation (7) and the complete relationship

is shown in equation (8).

P2 =M * Pl %

P1=[(I/M)* P2] +R ®)

Then the following SQL would be appropriate:

SELECT P1, P2 FROM PARMS.TABLE
WHERE P1 BETWEEN ((P1*(1/M))-R) AND ((P1*(1/M))+R)

This query does in fact return a set of database records fulfilling the required
relationship. This is shown graphically in Figure 3-1. In this figure, the diagonal line
represents equation (7) above and the shaded area represents the region generated by
equation (8) as P2 is allowed to vary over some range P2, to P2;. Probably the most
interesting thing to note about this example is that the region carved out by the
relationship does in fact have a width related to the required parameter R as indicated by
the horizontal lines in the figure, yet this region is not generated by the perpendicular
offset as might reasonable be expected. In other words, the width of the region R would
also have to be expressed in terms of the proportionality constant M. The bottom line is
that while simple analytic relationships can be established in SQL alone, they are limited
and it is more reasonable to take the more useful aspects of the analytic relationship and
transfer it to a shaped neighborhood definition. This transformed analytic definition can

now be use it exactly the same way the fuzzy logic and neural net filters are used.
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Figure 3-1. P1 and P2 related through an SQL query.

3.3 Generalized Analytic Filters.

As was suggested in section 3.2, it is reasonable to develop a shaped neighborhood
approach to analytic based filters, and implement them the same as fuzzy logic and neural
network based neighborhoods with respect to similar part discovery. A generalized
analytic approach is facilitated through a set of filters based on the £o-norm. The idea here
is that given a set of N-dimensional axes (representing a detail part parameterization),
basic standard relationships can be written analytically between these parameters. These
relationships carve out regions in space which become the discriminator for selecting

similar parts. A target part establishes an origin in the space, and the analytic relationship
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defines a region around that target location. Similar parts to the target part lay within this
region. . The 4;-norm, #>-norm, and /.-norm which are the basis for a class of analytic

filters are defined in Figure 3-2.

N
¢-Norm : ||x|i= 2 | x|
=
0,-Norm : [[x]z2= (2 |x|* )1/2
=
fo-Norm : || X [0 = max | x|
1

Figure 3-2. The ¢;-norm, ¢-~-norm, and £,-norm

More specifically, a vector field is defined over the space, where the vector magnitude
is proportional to the L,-norm (where « is real valued) of the point and its projections on
the orthogonal axes defining the space. The vector direction is normal to the iso-surface
interpolated by points of equal vector magnitude. Figure 3-3 shows a two dimensional
example of a family of neighborhoods generated by this approach. In this example, a target
part defines a location (H’,W’) in the hyperspace. Choosing a=-2.0 defines a highly
dependent neighborhood where only one parameter is allowed to range to its extreme at a
time, thereby constraining the other parameter near its nominal value. Choosing o=-1.4

somewhat relaxes this constraint.
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Figure 3-3. A family of two dimensional neighborhoods generated by the L.-norm.

This analytic class of filters is appropriate as a first approximation to search
refinement. As a decreases from +3.0 to -2.0, more and more emphasis is placed on
parameter inter-dependence. At o =-2.0, an individual parameter may range to its extreme

only by forcing all to other parameters to approach their nominal values.

L.-norm analytic based shaped neighborhoods provide a useful class of filters. There
are other analytic expressions which can be made the foundation for other equally useful
shaped neighborhood filters in the context of similar part discovery. Analytic filters also
set the stage for the fuzzy logic filters of chapter 4 and the neural network based filters of

chapter 5.
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Chapter 4
Fuzzy Logic Based Neighborhoods

4.1 Introduction

A second class of database search filters was developed around a fuzzy logic
methodology. In particular, two distinct fuzzy logic approaches to similar detail part
discovery and selection were studied and implemented. The first approach essentially
involves performing a detail part fuzzy comparison parameter by parameter to build up a
fuzzy figure of merit which is then interpreted to provide part discrimination. This is
somewhat analogous to the straight analytic approach of section 3.2 in the sense that a
specific comparison between two parts is evaluated with disregard for any generalized

description of similarity.

Following this analogy, the second approach is in fact a generalized neighborhood
approach based on fuzzy logic. In this case, ranges of parameter variability are assigned
fuzzy membership and a heuristics table provides an antecedent/consequence response
ultimately leading to generalized fuzzy logic based shaped neighborhood. These
neighborhoods are then used to provide detail part discrimination in exactly the same way
as the analytic methods of chapter 3, namely by bounding a region in space in a sort of “in
or out” paradigm. Points (which represent instances of detail parts in the space) which fall
inside the region boundary are considered similar to a target part (located at the origin of
the bounding region) and become candidates for part reuse. This chapter develops both

methods and concludes with a fuzzy logic to analytic filter comparison.
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4.2 Parametric fuzzy logic comparison

The objective of the fuzzy comparison method described here is to provide a means of
determining to what degree a candidate part might be considered similar to a target part
based on their respective part properties. The methodology provides a means of
quantifying similarity while providing the notion of fuzzy matching where it is not

necessary to explicitly state match criteria.

As with classical fuzzy systems, the input (part properties) are first fuzzified. Next, an
antecedent/consequence analysis is performed and finally, the results are de-fuzzified to

produce a crisp output, in this case, a measure of part similarity as shown in Figure 4-1.

FUZZIFY HEURISTICS DE-FUZZIFY
INPUT > > Antecedent/ > . > CRISP
PART SﬁFT)XT Consequence OéJ/ITP AJT OUTPUT
PARAMETERS Truth Table (IN 7 OUT)

Figure 4-1. Overview of fuzzy logic filter.

In particular, both target and candidate part properties are fuzzified using the
membership function shown in Figure 4.2. Each property (P1 through P8) is assigned
membership in the five classes by virtue of its magnitude. This membership ranges from
0.0 for not in the group to 1.0 for completely belonging to the group. As was mentioned
in the introduction to this chapter, while this approach does provide similar part discovery,
the method is considered somewhat limited. This is due to the nature of the fuzzy
matching, namely, while individual parameters do match up, a means of characterizing

general parameter relationships is not provided.
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Figure 4-2. Fuzzy membership function for part properties.

Next, a fuzzy rule table provides the detail part comparison heuristics as shown in

Figure 4-3. For instance, the following heuristic is explicit in the table:

If TARGET IS HIGH AND CANDIDATE IS MED
THEN CONSEQUENCE IS POS

For example, if a target part parameter 1 belongs to HIGH with membership 0.7 and MED
with membership 0.3 and a candidate part parameter 1 belongs to MED with membership
0.4 and LOW with membership 0.6, then from the table the consequence membership is
determined as VPOS=3, POS=0.3+0.4=0.7, ZE=0.6. Note that due to the nature of the
fuzzy membership function, exactly 4 adjacent squares will be active for any given
comparison, and using min/max interpretation, a given square will be assigned the

minimum of the two defining values.

VPOS = min (candidate(MED), target(MED))
= min (4, .3)
=.3



CANDIDATE PART
ONE | HIGH | MED | LOW | ZERO
ONE | VPOS | POS | ZE NEG | VNEG
g HIGH | POS | VPOS | POS | ZE NEG
g MED | ZE POS | VPOS| POS | ZE
o
LOW | NEG | ZE POS | VPOS | POS
ZERO | VNEG | NEG | ZE POS | VPOS

Figure 4-3. Antecedent/Censequence table.

This is repeated for each parameter and the results are collected through addition.

Finally, the summed results are de-fuzzified using a central tendency approach as shown in

Figure 4-4. The fuzzy filters described above provide an opportunity for introducing
flexibility (fuzziness) in selecting similar part while maintaining a refinement over the

rectilinear regions described above. This is particularly effective in this application in

limiting the number of selected parts returned while allowing certain parameters to be far

ranging with respect to other part parameters, especially when the relationship between

those parameters is nor necessarily known.
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Figure 4-4. Defuzzification using central tendency.

As can be seen from Figure 4-4, in the example given, the final de-fuzzified figure of
merit for the particular comparison is approximately 0.27. This would be interpreted as

slightly less than positive and subjectively would not correspond to a very good match.

4.3 Generalized fuzzy logic based shaped neighborhoods

A more useful and generalized approach to fuzzy logic based detail part selection is
through the use of generalized fuzzy logic based shaped neighborhoods. -Such
neighborhoods are completely compatible with the analytic neighborhood filters defined in
chapter 3. These fuzzy logic based shaped neighborhoods are considered generalized
because each parameter can be functionally related to all other parameters throughout
their entire range. In this case, the relationships are explicitly defined in the

antecedent/consequence table.



Specifically, detail part parameters are fuzzified over their range using classical
triangular fuzzy membership functions. In this manner, a given neighborhood location
corresponds to a set of fuzzy membership values with respect to each of the 8 coordinate

axes as shown in Figure 4-5.

P1

Neighborhood
location being
evaluated

P2

Fuzzy Membership

Neighborhood
Origin

Di D2 B D4 DB

Figure 4-5. Fuzzy membership functions for neighborhood locations

An 8 dimensional decision surface table establish the relationship between various
parameters which ultimately defines the shape of the resulting neighborhood. Qualitatively,
this table expresses the idea that nearness to the neighborhood origin corresponds to
strength of similarity in the de-fuzzified output. A single plane of this table for a typical
example is shown in Figure 4-6. Note that the table essentially exposes the inter-

parameter relationships through the value associated with each table node.
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Figure 4-6. Parameter relationships expressed as a decision surface.

This table was used to generate an image of a fuzzy logic based shaped neighborhood
as shown in Figure 4-7. (This was accomplished by evaluating all neighborhood locations
around an origin as indicated in Figure 4-5 above.) The strength of the de-fuzzified figure
of merit was used to encode the pixel intensity of figure 4-7. This image is interpreted as
showing the fuzzy relationship between two parameters (the X and Y axis respectively) by
indicating the strength of the relationship {pixel intensity) at all points in the region. The
white area thus defined indicates a region whose corresponding parameters meet the fuzzy
criteria of similarity to a hypothetical point located at the origin. This particular shape is

strongly correlated to the l-alpha analytic neighborhoods of chapter 3.
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Figure 4-7. Fuzzy Logic based shaped neighborhood.

4.4 A fuzzy logic shaped neighborhood case example

The methods defined in the section 4.3 above were used to select similar detail part
candidates from a subset of 2000 parts meeting a minimum rectilinear criteria. Figure 4-8
shows 2 parts that were determined similar based on these methods while figure 4-9 shows
a part that was rejected. Note that the bounding box for these three parts is nearly

identical and discrimination is therefore accomplished against surface area and volume.



Figure 4-8. Two similar part detected with fuzzy neighborhoods. Top part is slightly
longer that bottom part.
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Figure 4-9. A rejected part not within the fuzzy neighborhood.

The fuzzy logic methods presented in this chapter do provide an excellent environment
for evaluating and selecting similar detail parts given a target part objective. The fuzzy
neighborhoods are useful to work with and neighborhood expansion is readily available by
simple interpretation of the de-fuzzified output figure of merit. In this manner, an overall

similarity sensitivity is established and a wide variety of useful results can be obtained.

The fuzzy methods of this chapter provide an interesting counterpoint to the analytic
methods of chapter 3. In the next chapter, neural network based shaped neighborhoods
are developed leading to an interesting equivalence between all 3 methods. It is this
equivalence that provides the utility of the overall approach to similar part detection
presented in this dissertation. An environment supporting inter-changeable filters, each

with their respective strengths, provides the desired generalized search functionality.



Chapter S
Neural Network Based Neighborhoods

5.1 Introduction

This chapter continues with the theme of shaped neighborhoods in 8 dimensional space as
a vehicle for selecting similar engineer detail parts from a subspace of pre-selected part
instances. The space contains instances of individual detail parts represented as points in
the space, where the coordinates of the points are the individual part property values
(length, surface area, etc.). Instances of detail parts in the subspace are identified through
classical SQL queries against the entire space, the latter being implemented as a DB2
relational data model on a Universal Database (UDB) hosted on a Sun workstation on top

of a Solaris operating system.

Previous chapters have developed the notion of shaped neighborhoods in this space
based on analytic and fuzzy logic approaches. These shaped neighborhoods are centered
on a target part representation in the space, and thereby form a neighborhood region in the
subspace. Part instances bounded by these refined regions are considered similar parts to
the target part and are potential reuse candidates. This chapter goes on to present shaped
neighborhoods based on a NN approach. It will be shown that these neighborhoods are
compatible with and complement neighborhoods previous defined using analytic and fuzzy
logic approaches. The neighborhoods act as filters and can be employed singly or asina

series.
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5.2 Neural Network Topology

The NN used to implement the cookie cutters defined in this dissertation is shown in
Figure 5-1. It is a classical layered perceptron with 8 input nodes corresponding to the 8
hyperspace axes, a single hidden layer, and 8 output nodes which define the 8 components
of the vector field spanning the hyperspace domain. The output layer is fitted with a
magnitude filter defined in terms of the L,-norm which ultimately determines the cookie

cutter shape.

Conceptually, the neural network based cookie cutter is placed in the hyperspace at the
desired target coordinates thereby defining the neighborhood of similar objects. In
practice, since the cookie cutters are all trained at the origin, the hyperspace is actually
brought to the cookie cutter. This is a quick and efficient offset process which takes
nothing away from performance. A distinction must be made at this point with respect to
classical search heuristics. Mihalis Yannakakis [1990] characterizes various classes of
search problems as optimization over a set of solutions with respect to some cost function.
Search heuristics are obtained by superimposing a neighborhood structure on a set of
solutions and iterating towards better and better neighboring solutions. This is contrasted
to the notion of neighborhood presented here where the domain is considered static and

the shaped neighborhood boundary definitions have been predetermined.

The use of a neural network representation also provides a means of defining a fuzzy
membership with respect to similar parts. While it is true that a given alpha surface (locus
of equal vector magnitude) defines a crisp boundary on the neighborhood, the network
does return a value for parts outside the neighborhood which can be interpreted as a fuzzy
membership value for that particular object. This is important in that it provides a direct

method of implementing “degree of similarity” in the shaped neighborhood approach.
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Figure 5-1. Neural Network topology used to define cookie cutters. The ¢ denotes
the classical Sigmoid non-linearity. Note that the output layer defines a vector field
where every point in the input space is associated with a vector whose magnitude
and direction define the shaped neighborhood.

Detail part attributes including mass properties, non-graphic attributes, and a
thumbnail image are stored in a single relational database table. A typical search scenario
includes search parameter specification and appropriate filter selection. The parameter
specification fixes a sub-space in the hypercube thereby defining the rectilinear boundaries

enclosing the candidate parts. These are retrieved through the database using



standard SQL. Next, this list of candidates (potentially numbering in the thousands) is
passed through one or more filters (cookie cutters) yielding refined search results. The
filter stack can easily and quickly be manipulated to reduce the number of selected parts
from hundreds to a reasonable number, say ten, for human inspection. The thumbnail

image provides efficient visualization for this purpose.

5.3 Network Training

The neural network based shaped networks presented here have an added advantage over
the analytic neighborhoods presented in chapter 3 in that they are directly adaptable to
expert opinion. This is evident in one method of obtaining network training data.
Specifically, training data is produced by programmatically monitoring an expert design
engineer in the process of manually selecting similar part from a particular part type, shear
ties for instance. All parts examined by the expert become training instances where the
input vector is set to the individual part parameterization (length, width, volume, etc.) and
the output target set is set to 1 for selected parts and O for rejected parts. Thus the expert

provides input relative to their understanding which is then captured by the NN.

A standard network topology as shown in Figure 5-1 is trained on this dataset and the
resulting weight are stored as a shaped neighbor (cookie cutter) associated with the
particular part type. Neighborhoods are trained once and used many times. A collection of
cookie cutter is built up to assist design engineers in discovering similar detail parts
appropriate to their current requirements, for potential part reuse. Cookie cutter
portability derives from the fact that a standard network topology is used and transporting
neighborhoods between tools and applications is accomplished by simply moving an array

of 143 real values around.



5.4 Shaped Neighborhood Results

The neural network shaped neighborhoods were used to select similar parts from a
subspace of parts using a generalized neighborhood filter. In subjective terms, this filter
promotes the notion of constraining variability by allowing only one part property to range
to its extreme at a time. As a given property diverges from its nominal value, all other
properties are constrained closer and closer to their respective nominal values. The system
performed well on both scale and selectivity factors as defined above. The fact that the
working environment is the hypercube topology where data instances are represented as
single points yields a highly efficient system which can be easily “loaded” with millions of

parts. Eight dimensional space is quite “roomy’”.

This system was bench-marked against a set of shear tie detail parts. The hypercube
was populated by 1200 plus instances of detail parts from a number of related families in
order to approximate a typical space density for the trials. This implies that much of the
hypercube domain was not populated. Even so, it is reasonable to assume that results
obtained for the shear ties associated with this region could be generalized to other
regions of the space representing other part types and families. A neural network filter
relating length to weight was defined and used as the selection criteria for the trial. By
choosing the part instances from related families, the individual parts were already quite
similar, thus the 1200 parts could be considered as representing a typical selected set as
returned by a classical rectilinear search algorithm. The system was able to further
discriminate between various part characteristics through the use of shaped neighborhood
as defined by the neural network reducing the 1200 parts to 6 candidates as shown in

Figure 15-2.
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Figure 5-2. The 6 parts selected by the neural network shaped neighborhood.

The majority of the 1200 parts were not selected by the filter for various reasons.
More specifically, while these parts had individual mass properties similar to the target
part, they did in fact have combinations of parameters which placed them outside the
range of the scope of the filter and were consequently not selected. Three typical parts not

selected by the neural network based shaped neighborhood filter are shown in figure 5-3.
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Figure 5-3. Three of six parts passing through the SQL rectilinear filter yet
ultimately being rejected by the neural net based “cookie cutter”.

Neural network based shaped neighborhoods provide a completely generalized
environment for defining relationships between engineering detail part properties. These
relationships are exploited in this environment to yield a method of discovering similar
parts in a design retrieval system. The neural network provides the capability of expressing
these relationships as a functional representation over the domain. This is due to the
ability of a neural network to capturing these functional relationships. Further, these
functions typically do not have a reasonable analytic, closed form expression which would

yield to other less exotic search methods.

It is useful for understanding the role of NN based shaped neighborhoods by
considering a range of search approaches in terms of their ability exploit inter-parameter
relationships. This range is bounded on one extreme by SQL type searches with essentially
no inter-parameter relationship capability. In the middle of the range are analytic type
inter-parameter characterizations. On the other extreme bound are the completely
generalized NN based shaped neighborhoods where 8 separate parameters can be inter-

related concurrently.
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Chapter 6
Neighborhood Visualization Methods

6.1 Introduction

A number of software tools and techniques were developed in support of shaped
neighborhoods as presented in this dissertation. An optimized neural network topology
was established in chapter 5, and this topology was implemented in code in a modular
fashion such that the working network could be treated as a black box with a set of
standard inputs and outputs, plus bi-directional access to all network weights at all times.
This modular approach facilitated the various outboard tools and methods presented in

this dissertation. The modular approach is shown in Figure 6-1.

Network
Weights IN

OUTPUT

Network
Weights OUT

Figure 6-1. Modular, black box approach to neural network implementation.
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The modular approach shown facilitates a number of useful capabilities. First, the
approach provides complete portability of trained network results between the various
tools and applications incorporating the network. Without belaboring the point, suffice it
to say that given equivalent network topologies throughout the various applications
(which is the working premise of this dissertation), portability of training results is
synonymous with the ability to convey the network weights as a set of real numbers
between these application. Second, networks can be simply plugged into applications, and
as long as the applications stay within the input domain, results are guaranteed. Finally, the
real time access to the network weights provides flexibility with respect to controlled
initialization of weights during training. Intermediate training results are captures at the
Network Weights out node and feed back in later thus providing a “save and restore”

network capability.

This chapter presents a visualization method developed around the neural network
implementation shown above. The code implementation is characteristic of all the tools
and applications developed in this dissertation, and as such provides useful insights into
the methods and techniques. Appendix A presents the complete software program used to

render shaped neighborhoods into TIFF files suitable for viewing.

6.2 Neural Network Based Ray Tracing

The neural network based shaped neighborhoods presented are developed around a vector
field concept. Specifically, every point in some arbitrary high dimension space has a vector
associated with it. The dimension of the vector is equal to the dimension of the space. The
magnitude of the vector defines an iso surface interpolating the point and the direction of

the vector is normal to this surface at the point.



438

Thus, the locus of all points whose vector magnitude is some specified value forms a

boundary surface in the space. Shaped neighborhoods are bounded by these surfaces.

A software method for visualizing these surfaces involves “casting rays” through the
domain with respect to a particular view location called eye point. A schematic of the

method is shown in Figure 6-2.

, RAY TRACING USING NN
Eye Point SURFACE REPRESENTATION

Light
Pixel Source

Array

Reflected
Ray

* NN Surface ) ;

1
! Projection
® onto (X,Y)

\‘ Representation

‘

Y Virtual
Line of Sight

Figure 6-2. Neural network visualization schematic.
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The process begins with the selection of a view or eye point, and the specification of a
line of sight. Next, a resolution is chosen and the three parameters together establish a
two dimensional pixel array in space. This pixel array is normal to the line of sight and is
essentially a construction aide for the subsequent casting of rays. Now, individual rays are
projected from the eye point through each pixel array point and a test point is evaluated
along this ray. In essence, the test point is pushed along the ray until the error (difference
between the current NN evaluation and desired evaluation) reaches some minimum value

(say 0.001). The test point is now coincident with the desired surface.

Next, the surface normal is determined and the incident ray is reflected around this
normal. The angle between the reflected ray and some defined light source location is
proportional to the pixel color (intensity) for that particular ray. The process is repeated
for all pixel array points (480 X 640), and a TIFF image is formatted from the results.

6.3 Code analysis

This section examines selection portions of the code written to implement the neural net
based shaped neighborhood visualization function. It is instructive to notice how some of
the NN visualization features are accomplished. Figure 6-3 shows the declaration portion

of the code where various image and network parameters are declared.

C DECLARE NEURAL NETWORK ARRAYS AND PARAMETERS
INTEGER*4 IMAGE (480,640)

REAL*8 WT1(20,4), WT2(21)
REAL*S8 NODE1(4) , NODE2 (21) , NODE3, SIGPRIME
REAL*S8 ACT1 (20) , ACT2, ERR, LRP

Figure 6-3. Network declarations.
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Specifically, these declarations establish the network weight arrays, the network
nodes, the sigmoid non-linearity, the activation, and the Learning Rate Parameter (LRP).
Next, Figure 6-4 demonstrates the bi-directional network weight read/write capability.

C READ IN THE WEIGHTS DATA
8 FORMAT (F32.22)
Do 12 J=1,20
DO 10 K=1,4
READ (UNIT=65, FMT=8 ,END=20 ,ERR=20) VAL
WT1 (J,K)=VAL

C WRITE(6,*)J,K, ATl (J,K)

10 CONTINUE

12 CONTINUE

14 FORMAT ('WTL1(',I2,',',I2,')="',F32.28)

DO 16 K=1,21
READ (UNIT=65 , FMT=8 , END=20 ,ERR=20) VAL
WT2 (K) =VAL

C WRITE (6, *)K,WT2 (K)

16 CONTINUE

19 FORMAT ('WT2(',I2,')=',6F32.28)
GOTO 100

Figure 6-4. The network weights I/O code.

Thus an external file is created containing the weights as real values as shown in

Figure 6-5. This provides the portability of trained network results between applications.

-3.2702212544136153300000
0.1454347985384625700000
-0.4064079964541655740000
1.73059339895675260000000
-0.5341871345755479090000
-0.5609909368311946920000

Figure 6-5. A portion of the network weights available externally.

Finally, the Network evaluation code is presented in Figure 6-6. It is a single feed

forward pass through the network to evaluate vector magnitude for a specific input.



c***********************************************************

SUBROUTINE EVAL (ZPNT, MAG)
T a s et e g s e s i s ittt sttt

C EVALUATE THE NEURAL NETWORK AT THE INPUT SPACE POINT
fot R a2 A e a2 e e e e e e i st il s

IMPLICIT INTEGER*4 (A-2)

Cc
C DECLARE NEURAL NETWRORK ARRAYS AND PARAMETERS
REAL*S8 ZPNT(3) , MAG
REAL*8 WT1(20,4) , WT2(21)
REAL*S8 NODE1 (4) , NODE2 (21), NODE3, SIGPRIME
REAL*S ACT1(20) , ACT2, ERR, LRP
C
C FEED FORWARD TO NODE 1
NODE1(l) = ZPNT(1)
NODE1(2) = ZPNT(2)
NODE1l (3) = ZPNT(3)
NODE1(4) = -1.0
NODE2 (21) = -1.0
c

C******************************************

C FEED FORWARD TO HIDDEN LAYER 1
DO 150 T=1,20
ACT1(T)=0.0
DO 140 U=1,4
ACT1(T)=ACT1(T)+ (NODE1 (U) *WT1 (T, U))

140 CONTINUE

150 CONTINUE

c WRITE (6, *) 'ACT1="',ACT1
c

C CALCULATE THE NON~-LINEARITIES FOR HIDDEN LAYER 1
DO 160 N=1,20
CALL SIGMOID (ACTI1 (N) ,NCDE2(N))
160 CONTINUE
(o] WRITE (6, *) 'NODE2="',NODE2
(o]
ol 2 R L d Rl et
C FEED FORWARD TO OUTPUT LAYER
ACT2=0.0
DO 170 Vv=1,21
ACT2=ACT2+ (NODE2 (V) *WT2 (V) )
170 CONTINUE

C WRITE (6,*)' POINT =', ZPNT
C WRITE(6,*)' ACT2 =',ACT2
C

C CALCULATE THE NON-LINEARITIES FOR OUTPUT LAYER
DO 185 N=1,3
CALL SIGMOID (ACTZ2,NODE3)
185 CONTINUE

Figure 6-6. Evaluate the neural network at a specific point.
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6.4 TIFF Image of Shaped Neighborhood

The above techniques were used to render the shaped neighborhood shown in Figure 6-7.
Normally, there is a section of code that limits the domain of the ray tracing by confining it
to the region over which the network was trained. This is necessary since functional
representation is undefined outside this region and there are no guarantees on resuits. In
this particular image, the domain limiting code was turned off resulting in the artifact
shown in the lower right hand corner. It is interesting to note how network training
actually results in functional representation outside the training domain that seems to

indicate some sort of extrapolation. Of course the representation is useless in these regions

and is only included here as a curiosity.

Figure 6-7. Shaped Neighborhood also showing artifacts.



Chapter 7

An Accelerated Convergence Algorithm

7.1 Introduction

Kohonen self-organizing feature maps are used to define a topology preserving mapping
between a high dimensional neural network input space and a two dimensional output map
space. Thus a representative set of points spanning the entire input domain is obtained,
and various neural network training parameters such as training error and node gradient
can be associated with their corresponding Kohonen map node. The map nodes are color-
coded with respect to these associated parameters and presented visually as a 2D image,
providing a means of quantifying the instantaneous network training activity. In this mode,
the map provides a method of visualizing neural network convergence as represented by
diminishing map activity. Further, the Kohonen map units represent vector prototypes
over the input domain and the values associated with each map unit indicate training

progress for a generalized region in the input domain.

This dissertation proposes a new method of network training which exploits the
knowledge of current local and global error with respect to the entire input domain as
provided by the SOFM map. In particular, a algorithm based on an alternating evaluation
phase and training phase is implemented where the results of an evaluation phase feed the
update equation in the following training phase. This method is compared to the popular
Quick-Prop method using 2 different training examples. The SOFM based method defined
in this implementation, while taking more machine cycles per training epoch, converges in

substantialiy fewer epochs, resulting in an overall improvement for the examples given.
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7.2 Neural Networks and Function Representation

Neural Networks are employed in a variety of applications including pattern recognition,
classification, and other learning, generalizing, and predicting environments. This
dissertation is motivated by neural networks as they pertain to function representation in
multi-dimensional spaces. In particular, one can imagine an N-dimensional space with an
M-dimensional vector associated with every point in that space. Note that M and N do not
necessarily have to be equal, but it is reasonable that they could be as in a classical electric
field in 3 space for instance. In such an environment, the neural network is an ideal vehicle
to functionally represent the field, where the number of network input nodes equals the
dimensionality of the space, and the number of network output nodes equals the

dimensionality of the associated vector.

Thus the trained neural network becomes a black box capable of reproducing the
vector field over the entire domain. The concept of a “shaped neighborhood™ derives from
this representation, and is in fact defined as a region in the space bounded by some
particular vector field evaluation over the domain. For example, imagine a vector field
defined on a 3-dimensional space where every point in the space is associated with a
vector of magnitude equal to the distance to some reference point (called the origin) and
whose direction is exactly away from the origin. A shaped neighborhood defined by all
points whose associated vector has magnitude of 1.0 say, would be a sphere of radius 1.0

centered at the origin.

This dissertation is concerned with just such a neural network, its trainability, and its
functionality. In particular, a one hidden layer perceptron is used to facilitate the
implementation defined above. An external network visualization tool based on Kohonen
self-organizing feature maps (SOFM) is presented, and an algorithm based on error

information obtained from this map is used to accelerate convergence . Finally, training



results are compared to classical methods, and an example of a shaped neighborhood
resulting from a network trained by the accelerated technique defined in this dissertation is

shown and analyzed.

7.3 Layered Perceptrons and Back Propagation

The classical Multi-Layered Perceptron (MLP) is capable of “learning” generalized
relationships between instances in various spaces. In set theoretic language, the trained
network provides a mapping between a domain defined in some space to some range in a
potentially different space. This mapping is learned through the training process where
known relationships are presented to a network’s input generating a error signal equal to
the difference between actual and desired output, which in turn is back propagated
through the network using a weight-adjusting algorithm. One of the most important
features of a trained network is its ability to generalize over the input domain. In other
words, the network will provide a reasonable mapping to input it has never experienced

before.

This paper uses a layered perceptron consisting of three input nodes connected to a
single hidden layer of twenty nodes, connected to a three-node output layer as shown in
Figure 7-1(a). This network topology is specifically designed to learn relationships
between points in 3D space and a given 3D vector associated with each point, thereby
defining a vector field. This environment is ideally suited for defining “shaped
neighborhoods™ in these spaces as regions bounded by the locus of all points whose
associated vector magnitude is less than some value « as in Figure 7-1(b). The associated
vector also gives the boundary surface normal at any point which is useful for

visualization.
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[ = Sigmoid Non-linearity

(a) (b)

Figure 7-1 (a) NN architecture used to define “shaped neighborhoods” (b) A
spherical shaped neighborhood defined by || vector || < .

The learning process consists of tens of thousands of presentations of the training data
delivered to a randomly initialized network, and the associated back propagation of the
resulting error through the network in a weight-modifying algorithm. In practice, thisis a
relatively CPU intensive process, requiring fine tuning of the training parameters such as
the learning rate parameter (LRP) and momentum. Significant work has already been
accomplished by R. A Jacobs [1988] with respect to understanding the reasons for the
slow convergence in back propagation algorithms and also in developing training
heuristics for accelerating the convergence. Specifically, techniques have been developed
where each weight is assigned an individual LRP which changes over time in response to
training progress [Hong et al. 1996] Other methods of modifying the LRP are based on

the sign of the error gradient over several consecutive time steps.
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7.4 Convergence Criteria

A number of methods exist for testing convergence to determining a training stopping
point. As mentioned above, the activity produced by the weight update procedure is an
indirect method of deducing convergence. When successive iterations of the training
algorithm produce no appreciable change in the any of the network weights, it can be
concluded that some type of minimum has been achieved. Another method would be to
develop error metrics on the training data set directly as reproduced by the network. This
paper proposes a visualization technique based on Kohonen Self-Organizing Feature Maps
(SOFM) as a means of monitoring convergence, and indeed enhancing training through

feedback to the weight update expression in the back propagation algorithm.

7.5 Feature Map Based Training Algorithm

Fuzzy logic methods for training parameter adaptation in neural network back propagation
learning algorithms have been developed [Arabshahi et al. 1996]. The methods include
developing fuzzy membership functions for the error signal and its derivatives, applying a
set of heuristics defined in terms of If-Then rules, and deriving a crisp value for An
(change in LRP) which is then applied to the weight update equation in the BP algorithm.
Other training methods such as Quick-Prop are based on the notion that the error surface

is locally quadratic and attempt to jump to the minimum in one step.

Kohonen Self-Organizing Feature Maps transform an input of arbitrary dimension into
a one or two-dimensional discrete map subject to a neighborhood preserving, topological
constraint [Kohonen 1984]. The unsupervised, self-organizing competitive algorithm
generates a mapping of an input signal vector in some high-dimensional space onto a one

or two-dimensional topological space which is ideally suited for visualization. SOFM and
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MLP have been used in hybrid networks before, typically in a cascade architecture, to
accomplish various tasks [Lee et al. 1996]. This dissertation defines a hybrid architecture
using a SOFM data representation external to the NN to define a “next step size” in the

evaluation phase which feeds the weight update algorithm in the train phase.

This dissertation proposes a new training method using a Kohonen Self-Organizing
Feature Map (SOFM) to create a generalized characterization of the NN training state
over the entire input domain as a global view. This view provides an opportunity to
expand the context of the error associated with regions of input and accelerate the NN
convergence through the SOFM based, weight update algorithm. In particular, the
algorithm is based on an evaluate, then train phase for each epoch cycle. During the
evaluation phase, the error for each SOFM map node is determined by passing the SOFM
map nodes (input data prototypes) through the NN in a single, feed forward pass. In the
train phase, this prototype error defines the weight update factor used by the back

propagation algorithm.

The Kohonen map

A Kohonen SOFM is created over the neural network training dataset thus producing
a representative set of 2-dimensional, topology preserving tokens spanning the input
training data. Figure 7-2 shows a SOFM “unfolding” as it generalizes over points
randomly distributed throughout a domain defined in 2-space. This dissertation exploits
this map by associating various types of training information with these representative map
nodes. In particular, the error with respect to the local minimum for both the current cycle

and the previous cycle are stored.
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Figure 7-2. A Kohonen SOFM “unfolding” to generalize random points distributed
uniformly throughout a 10x10 domain of interest. From left to right, top to bottom:
initialization, 10 epochs, 20 epochs, and convergence at S00 epochs.

The Kohonen map is visualized graphically where areas of high training activity are
readily apparent such as shown in Figure 7-3. These areas of activity are characterized by
high node gradients and high error color coded red in Figure 7.3. Thus, at any point
during training, a visual map can be obtained characterizing the quality of the training with

respect to the entire input domain.
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Figure 7-3. Example of SOFM based image used to visualize NN training progress
with respect to the input domain. Map nodes span the domain and are color-coded
to represent training activity.

The SOFM based Weight Update Algorithm

The SOFM map establishes a global view of error during the evaluation phase of each
training epoch. At this time, all SOFM prototypes are passed through the NN being
trained, and the difference between the error associated with each prototype and the local
minimum error is determined. This error, as well as the error for the previous training
epoch are stored with the prototype. Finally, during the training phase of the cycle,
weights are updated in classical back propagation fashion according to the expression

given in equation (9). This equation essentially develops the ratio of the next step size to
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the current step size based on how effective the current step was in moving towards the
error associated with the local minimum. This ratio becomes the scaling factor applied to

the current change in weights:

AW(current) = current error *  AW(previous) 9)
previous error - current error

This ratio is further visualized in Figure 7.4. Here, the weight update from the
previous cycle resulted in a corresponding step toward the local minimum as indicated by
red. The current step would ideally continue the rest of the way to the local minimum
error as indicated by blue. Thus the ratio defined by blue over red should be applied to the

previous weight update to achieve the current weight update.

Figure 7-4. SOFM based weight update
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The algorithm of alternating phases of evaluate, then train, is implemented using the
architecture indicated by Figure 7-5. Here, the training data is used to produce a SOFM
map of training prototypes. These prototypes are passed through the NN during the
evaluation phase establishing a minimum error over the entire input domain. During the
training phase, individual training vectors reference this minimum error, and the ratio of
current error to previous error with respect to this minimum error defines a weight update

value for that particular training vector.

Emor ®“
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Figure 7-5. Schematic of SOFM based convergence acceleration



7.6 Quick-Prop Comparison

The SOFM based training method defined above was compared to the Quick-Prop method
widely used for NN training. The Quick-Prop method assumes a quadratic error surface
for the error with respect to weights. Using this assumption, a next step size is calculated
based on previous and current error gradients which attempts to jump to the local error
minimum in a single step. This is diagrammed in Figure 7-6. Again, the ratio of blue over
red is applied to the previous weight update to achieve the current weight update factor

according to equation (10) where s(t) and s(t-1) are current and previous error gradients.

AW() = s(t) * AW(t-1) (10)
s(t-1) - s(t)

Quick-Prop Parabola
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Figure 7-6. Parabolic based step size used by Quick-Prop
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7.7 Feature Map Visualization

This paper presents an alternative method to determining training stopping criteria. The
method derives directly from the SOFM characterization of the prototypical input domain.
Figure 7-7 shows a series of snapshots of the SOFM map taken during a complete
network training. The first frame shows the randomness associated with the network
initialization. This resolves relatively quickly to show areas of high activity. As the

training proceeds, the level of activity subsides and a uniform map of a minimum intensity

evolves indicating convergence.

Figure 7-7. SOFM map progressing through various phases of NN convergence.
From left to right, top to bottom: initialization, S epochs, 20 epochs, 500 epochs,
S000 epochs, and convergence at 12,200 epochs.
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The time scale for the progression shown in Figure 7-7 is weighted towards early
training epochs where much of the large scale activity. This is qualitatively correlated with

the early activity seen in a weight trace such as shown in Figure 7-8.
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Figure 7-8. Graphical Visualization of Weight Evolution.

7.8 Accelerated Convergence

Neural Networks are trained over some input domain. The Kohonen SOFM provides a
means of characterizing this entire domain as a set of input prototypes. These prototypes
can be passed through the NN being trained at regular intervals to determine the progress
of training. This progress can be easily visualized as a two-dimensional map since the
SOFM map is in fact a 2D representation of the higher dimension space. This visualization
provides the opportunity to assess convergence, as well as defining an input domain
spanning error signal which can be exploited by the training weight update algorithm to

accelerate training convergence.
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7.9 Results

Verification of Methods: Case 1. Shaped Neighborhoods

The SOFM based training methods presented in this dissertation were verified on the
neural network topology define in the introduction. The training data for these trials are
based on a set of 300 discrete points and associated vectors characterizing a “shaped

neighborhood” in 3 dimensions. This shaped neighborhood is shown in Figure 7-9. It is

best thought of as defining a “region of interest” in 3D space.

Figure 7-9. A Shaped Neighborhood in 3 Dimensions.
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This “shaped neighbor” was visualized through a ray tracing algorithm coupled to the
trained neural network. The NN output is in fact the surface normal which is used in a
simplified Phong shading technique. Figure 7-10 shows the weight evolution
visualizations for two trials, (a) with SOFM based weight update, and (b) with back

propagation training algorithm.

TtV A e N T R 8 S i e e e R A e e N
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Figure 7-10. NN Convergence Comparison: (a) with SOFM based update, (b)
standard back propagation. Top curve in each case is total error. Bottom curves are
network weights.
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Interpretation of Resuits

The curves in Figure 7-10 show a comparison between two neural networks trained over
identical input data sets. The basic NN architectures were also identical. The network in
(a) was trained using the SOFM based update methods defined in this dissertation, while
the NN in (b) used classical back propagation. The total average error for the networks
during training is shown in the top half of each diagram while the bottom half shows the
evolution of the weight parameters for each network. Total average error = 0.002
(arbitrary units) was chosen as a standard of convergence. The SOFM based network
achieved this standard in 12,200 epochs while the standard back propagation network

required 47,500 epochs to achieve the results.

Notice both training periods were extended to 50,000 epochs. This was done to
provide a means of comparing CPU metrics. Recall that SOFM algorithm involves
“evaluating” the complete set of input prototype vectors at the beginning of each epoch of
training (single feed forward pass only). This of course necessitates machine cycles not
otherwise required by the un-sensitizing algorithm. The following metrics were obtained

on an IBM 3090 MVS mainframe system:

1) CPU required for SOK epochs using SOFM: 5 min. 15.96 sec.
2) CPU required for S0K epochs using standard BP: 3 min. 9.71 sec

It can be seen that the SOFM algorithm requires 66% more machine cycles per training
epoch. Of course the pay back derives from the fact that less epochs are required. Thus, an

improvement of 234% is achieved by SOFM based algorithm:

1) SOFM: 122K epochs X 0.00010532 min/epoch = 1.285 minutes
2) BP: 47.5K epochs X 0.00006324 min/epoch = 3.003 minutes
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One finally interesting “discovery” was made during the verification trials. The SOFM
visualization shown in Figure 7-7 is the visual series generated by the trial with feedback
as defined above for the shaped neighborhood shown in figure 7-9. Recall that this SOFM
map is in fact a topology preserving representation of input space. The areas of high
activity in the early stages of training seem to roughly resemble a projection of the shape
being learned. This was qualitatively verified with a number of other shaped

neighborhoods.

Verification of Methods: Case 2. Iris Classification

The SOFM based methods presented in this dissertation were also verified using the
classification of iris data [R. A. Fisher, 1950]. This data contains 3 classes of 50 instances
each, where each class refers to a type of iris plant. In this case, it is a given that one class
is linearly separable from the other 2, while the latter 2 are not linearly separable from

each other. A portion of the iris data is shown in Table 3.

Table 3. Iris Classification Pata

sepal len. sepal width petal len. petal width classification
5.1 3.5 1.4 02 Iris Setosa

4.9 3.0 1.4 0.2 Iris Setosa

5.7 3.0 4.2 1.2 Iris Versicolour
5.7 2.9 42 1.3 Iris Versicolour
57 2.5 5.0 2.0 Iris Virginica

The system was arranged as shown in Figure 7-5 with the external SOFM map monitoring

the input domain while providing a step size information to the weight update expression.
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Figure 7-11 shows a comparison for two curves for three different methods of
training. The red traces indicate RMS error as well as discrete classification error for a NN
using classical back propagation. The green traces correspond to an equivalent NN using
Quick-Prop. The blue traces are achieved using the SOFM based training methods

presented in this dissertation.

Figure 7-11. Convergence comparison for SOFM, Quick-Prop, and classical

back propagation methods.
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in approximately 1540 epochs while the exact same network using Quick-Prop takes 1990
epochs. Note that the discrete error tor both systems converges cn 2 muss-ciassitied
instances. This is a well know result for this particular data set owing to the lack of linear

separaticn in the training data.

As a nnai comparnson, the CPU ume for each training methed s presented befow. s
runs were performed on an IBM 3090 mainframe system under the MVS operating
system. Note that whiie the SUF M based method presented in thus dissertation takes
slightly more cycles per iteration than Quick-Prop (1.2%). It does however, converges in
less epocis ror a totai improvement ot 21.0 Y over Quick-Frop. ihne siigntly ionger ume
per epoch is due to the fact that the SOFM prototypes are evaluated once each epoch to

provide network error information used by the update algorithm.
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SOFM Based Feedback
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Chapter 8
A Detail Part Design Retrieval System

3.1 introduction

‘The methods discussed 1n chapters above were used to develop the detail part design
retrieval prototype described in this chapter. This system features an [BM DB2 relation
database runnng tn a Sun Solans environment. Engineenng detail part representation 1s
supported through the notion of an 8-dimensional hypercube where each axis corresponds
to a particular part parameter such as height, length, volume, etc.. 'his database 1s dnven
off the configuration management system responsible for releasing engineering datasets.
An Engineer invoived in preliminary design generates a representation (set of parameters)
for a desired detail part that meets a certain set of design requirements. This part
parameterization is used to access the database through SQL (Standard Query Language).
Results from the SQL query are points representing detail part instances, which lay in a
subspace of the hypercube. The subspace 1s characterized as rectiiinear due to the narure
of SQL and represents a first cut at discovering existing detail parts which meet the design

criteria.

This subspace is subsequentiy processed by a series of stackabie filters inciuding
analytic, fuzzy logic, and neural network based shaped neighborhoods, which are in turn
delivered a refined set of similar part candidates back to the design engineer. Figure 8-1
shows the basic layout for this system. Ultimately, through the use of various filters and
combinations of filters, a reasonable set of suitabie detail part candidates is delivered to the
user. These candidates can then be visualized and a final determination made with respect

to their suitability.
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SIMILAR PART CANDIDATES

Neural Net

Fuzzy Logic
Analytic D
S

FILTERS

Configuration
Management
System

Figure 8-1. Overview of Design Retrieval System.

8.2 System Architecture

The design retrieval system prototyped in this dissertation is centered around the IBM
DB2 Version 2.1 relational database hosted on a Sun Enterprise 3000 workstation. As
with any relational database, data is organized around tables. The main objective for the
prototype included similar part retrieval, and as such, database parameters included fields
to support this end. Secondary objectives included visualization of “discovered” similar
parts, as well as a metrics system for monitoring queries, matches, and other user

information. This objectives are reflected in the table structure shown in Figure 3-2.
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GEOMETRY_| PART DATA SRC
PART_ID - » PART_ID » SRC_NM
GEOM DWG_NO SRC_NODE
TIFF SRC_NM SRC_USERID

FINISH SRC_PSWD
STOCK
MATERIAL
VOLUME
SURF_AREA
USER BBOX_X
BBOX_Y
USER_ID BBOX Z
US_NAME INERTIA_X
US_ORG INERTIA_Y
INERTIA_Z

Figure 8-2. DB2 Relational Database Table Structure.

The main table named PART represents an instance of a detail part. The eight
properties, one for each axis of the hypercube, are defined in this table along with pointers
to the CAD (Computer Aided Design) definition of the part as it is defined in the
Configuration Management System. The table named GEOMETRY contains information
used to visualize the candidate parts identified as similar. Various user information

supporting usage metrics is contained in the USER table.

Cascading Filters

A target part is identified by a design engineer according to some design criteria. Nominal
values are calculated from the target and formulated into an SQL query against the
database. The returned report is considered the superset of potential similar parts and is
characterized by its classic rectilinear region in hyperspace. For typical ranges of

parameter variability, hundreds of candidates may be returned. The results of this
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preliminary filter are cascaded to a series of appropriate filters selected by the user to

refine the search and ultimately narrow the results to 5 or 10 candidate parts. These parts
are then visualized via graphic pointers to geometry and TIFF files stored in the database
GEOMETRY table, and ultimately selected or rejected by the design engineer as possible

substitute parts for their current design requirements.

Shaped Neighborhoods

The motivation for shaped neighborhoods as filters in high dimension space is simply the
desire for a completely general definition of the relationship between parameters in this
space. On one extreme, the parameter variations defined by the rectilinear regions derived
from SQL filtering exhibit complete independence in that all combinations of all parameter
ranges are valid. In high dimension space, this yields unsuitable results at the “corners™ of
the rectilinear regions. On the opposite extreme are the neural net based shaped
neighborhoods defined in this dissertation, where every parameter is given as a function of
every other parameter throughout their range. This inter-parameter functional relationship

is captured by the neural net.

The primary utility derived from shaped neighborhoods is their ability to refine the
acceptable range of variability of all parameters with respect to each other. Recall that the
parameters in this application are detail part surface area, volume, length, width, height,
and moments of inertia around the principal axises. Thus concepts like length proportional
to strength (cross-section), area constrained by weight, and near-nominal verses far-
nominal parameterizations are possible. In fact, shaped neighborhoods are motivated by a
desire for complete generality in expressing inter-parameter relationships, and exploiting

these relationships is support of a similar detail part discovery methodology.
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8.3 The Physical Prototype

The prototype retrieval system was loaded using commercial airframe structural detail part
data of the type described in section 1. C code was written to access the configuration
management system’s released engineering datasets and format the appropriate
information as clear text which in turn was loaded into the DB2 table structure of Figure
8-2. Once loaded, a target part was identified and an SQL query was used to return a
superset of candidate parts. This candidates were filtered through a neural network based
shaped neighborhood designed to constrain overall parameter variability near-nominal
values while allowing individual parameters to range to greater extremes.

The resulting candidates were visualized and compared to other members of the superset

which were rejected by the shaped neighborhood filter.

Input data

Figure 8-3 shows a small section from the clear text load file generated by accessing the
configuration management system. There are primarily two opportunities for detail part
parameter capture in support of the design retrieval system defined here. Initially, a
software agent traverses the configuration release system and processes each part to
generate a “flat file” as shown in Figure 8-3. Once the initial load is complete, a second
software agent monitors ongoing releases and generates updates to the database on a
periodic basis. One feature of this system is the elimination of the need for extensive
network training operations required by other clustering type approaches. Finally, a third
class of software agents are active to maintain the integrity of the database. These agents
are involved with retrieving missing information for incomplete records from other remote

systems, and other database maintenance duties.
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PART ID : 1627

TITLE : 123X4567-001

TYPE : SOLIDE

SURFACE AREA H 14.60640426

VOLUMB : 0.43788669

MOMENT OF INERTIA : 0.68371844 0.64895725 0.10345271
BOUNDING BOX H 0.89999998 0.75780137 2.06534863
L2 2 2y e A2 22 L st teeys
PART ID : 1628

TITLE : 777X4567-002

TYPE : SOLIDM

SURFACE AREA M 578.18550820

VOLUME : 9.20885025

MOMENT OF INERTIA : 526.04929838 174.44478365 351.60608637
BOUNDING BOX : 0.03200000 9.57613850 12.34759045
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PART ID : 1629

TITLE : 654X4567-003

TYPE : SOLIDE

SURFACE AREBA H 578.20388647

VOLUME : $.20913345

MOMENT OF INERTIA : 526.08104429 174.45713078 351.62548520
BOUNDING BOX 4 0.03200000 9.57629967 11.76204872
L 2 R e R Y R e e ey
PART ID : 1630

TITLE : 444X5555-001

TYPE : SOLIDM

SURFACE AREA H 1084.87324449

VOLUMRB H 33.77771886

MOMENT OF INERTIA : 18827.90721815 16916.38883864 1811.54072347
BOUNDING BOX : 0.06299999 18.24826050 42.926459841
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PART ID : 1631

TITLE : 555C6678-033

TYPE : SOLIDE

SURFACE AREA : 1084.77899085

VOLUME H 33.77465987

MOMENT OF INERTIA : 18827.29066582 16915.84962523 1811.46338254
BOUNDING BOX : 0.06299999 18.24598694 43.28721619
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Figure 8-3. Sample of data used to load the DB2 Relational Database.

Standard Query Language (SQL)
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Standard Query Language (SQL) is used as a preliminary filter to identify the superset of

candidate detail parts defined by some target part plus and minus some range on each of

the property parameters. This superset is characterized as the rectilinear region in the

hyper space centered around the target part location. The pertinent SQL syntax is shown

in Figure 8-4.



[ SEARCH CONDITION

L —I L predlcate )_ J
NOT ((search condmorD )

predicate

—OR ~| |-N0T—-| L((search condition } )

PREDICATE

J‘ exprassion }— comparison —-lexpression} >
{Eression) [ betveer D {erpressonk
NOT

comparison SOME ( ) -
el
ALL

Figure 8-4. SQL syntax used for preliminary filtering.

A typical SQL query would select elements (detail parts) from the PART table
according to some criteria. Commands can be submitted from the Command Line
Processor (CLP), read from a file, or embedded in a programming language supporting

higher level structure such as C. A typical command might take the form:

SELECT “PART_ID” FROM PART WHERE “SURF_AREA”
BETWEEN 10.0 AND 20.0;

81
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The result set returned by such a command is passed to subsequent analytic, fuzzy logic,

and neural net filters which further refine the results set.

The C Code

As mentioned earlier, the shaped neighborhood “cookie cutters” are implemented in C
code and run under the Sun Solaris operating system on an Enterprise 3000 workstation.
The C module loads a pre-trained external weight file (thus determining the neighbor
shape), then filters a set of input candidate parts with respect to a target part and similarity
threshold. The module is very compact owing to the standardization of the NN topology
employed through this dissertation. The C function that actually performs the feed forward

pass is shown in Figure 8-5.

/ir**s’r**************************************************/

/** function: feed fwd(x) **/
/** Pass a vector through the network, return output **/
/******************************************************/
long double feed fwd{long double x[3])
{

int &, u, v, n;

long double nodel{4], node2([21l], node3;

long double actl[20], act2;

/* feed inputs to first layer */
nodel[0] =x[0]:;

nodel{1] =x{11];

nodel{2] =x{2};

nodel{3] =-1;

node2{20}] =-1;

/* feed forward to hidden layer */
for(t=0;t<20; t++)
{
actl[t]=0.0;
for (u=0;u<4;u++)
{
actlitl=actl{tli+(ncdel{ul*wtl{tl] [ul);
}



/* calculate the non-linearity for hidden layer 1 */
for (n=0;n<20;n++)
{

node2[n]l=sigmoid(actifn]);

}

/* feed forward to output layer */
act2=0.0;
for(v=0;v<21;v++}

{

act2=act2+(node2[v]*wt2(v]):

}

/* calculate the non-linearity for output layer */
node3=sigmoid(actl};

/* return the output value */
/* return node3; */

return act2;

}

Figure 8-5 C code module for NN feed forward pass

The interesting point to note with respect to this implementation is that the shaped
neighborhoods are trained on an [BM 390 mainframe running MVS, yet the 121 resulting
neural net weights characterizing the neighborhood are transported to the Solaris workstation
environment for actual use as filters. This is made possible by the use of long double floating
data types which on the Sun workstation are 16 bytes (128 bits) long. Thus the precision of

the IBM mainframe is maintained.

Also, since the neural network shaped neighborhoods employ a train once, use many
paradigm, the actual filtering process is just a single feed forward pass as shown in the code of
Figure 8-5. This runs in milliseconds and thousands of parts can be filtered in just seconds.

The entire C module, which is the generic shaped neighborhood engine, is only a few hundred
lines long and is shown in Appendix B. The versatility of the method derives from the ability
to load this generic engine with specific weights representing any of an infinite number of

possible filters.
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8.4 Results and verification

The neural network shaped neighborhoods presented in this chapter were verified against
a subspace of 2011 shear tie parts returned by an SQL query. The SQL query has the

following form:

SELECT “PART_ID” FROM PARMS.TABLE
WHERE “BNDG_BOX_X”
BETWEEN (“TARGET_X” - “X_OFF”) AND (“TARGET X” + “X_OFF”)
AND “BNDG_BOX_Y”
BETWEEN (“TARGET_Y” - “Y_OFF”) AND (“TARGET_Y” + “Y_OFF”)

This query selects the specified result set from the database. This result set is characterized
as rectilinear in the sense that the boundaries are planes in the hypercube. As such, certain
extremities of the subspace (the corners) contain parts which are not suitable as similar
parts to a hypothetical part located at the origin of the subspace called (TARGET X,
TARGET_Y,..) in the query command. Finally, this hypercube subspace is filtered by the
neural net shaped neighborhood by applying the property values for each part
(corresponding to the respective point coordinates in the hypercube) to the network
inputs. The neural net output is compared to a threshold to yield a selection criteria.

Figure 8-6 shows 4 selected parts and Figure 8-7 shows 2 rejected parts.
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lar part candidates.

131111

Figure 8-6. Four selected s
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Figure 8-7. Two rejected parts.

The neural network gave results that qualitatively agree with a visual inspection of the
selected and rejected parts. In this case, 2011 parts which were included in an SQL query
as have relatively similar physical properties, were further reduced down to 4 parts with
even greater similarity. At this point a design engineer could do a final evaluation of the 4

parts with respect to their suitability for a given design requirement.

A fuzzy logic filter was used to obtain the results shown if Figure 8-8. In this case, the
given target part (top) was used to establish nominal values for the 8 part parameters. A
sub-space of candidate parts was determined using these nominal values plus a standard

delta. The list was narrowed to 2 candidates using a fuzzy filter defined in chapter 4.



Figure 8-8. A Target part (top) and two similar parts.
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Chapter 9

Conclusion And Future Work

9.1 Conclusion

Part reuse in large manufactured structures such as commercial airframes, holds
tremendous opportunity for economic savings by reducing costs associated with
designing, manufacturing, and maintaining individual detail parts. This opportunity can
only be exploited if an effective design retrieval system is in place to identify potential
reuse candidates among the millions of parts in the configuration management system.
This dissertations defines shaped neighborhoods in multi-dimensional space as vehicle to
facilitate such a design retrieval system. Further, this notion of shaped neighborhoods is
fully developed through the use of analytic, fuzzy logic, and neural network based
implementations. Results are shown for typical aerospace industry type engineering detail

parts.

9.2 Future Direction

The system defined in this dissertation was created in response to a need for a large scale,
definable selectivity, design retrieval system. Its features derive specifically from these
requirements. One of the main features is the notion of interchangeable, stackable filters
(cookie cutters) utilized to define the search criteria. The utility of this implementation is
that these filters are created once and used over and over again. As such, an inventory of
filters is developed suited to various specific search criteria and made available to users on

demand.
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Since the cookie cutters are easily stored as sets of numeric parameters associated
with neural network weights, the number of cookie cutters which can be made available to
application users is essentially unlimited. Future work would include the development of
more and more specifically targeted filters to be added to the system inventory.
Opportunity exists to define filters based on “expert knowledge”. In this scenario, a
knowledgeable engineer would provide filter training data by making a series of yes/no
decisions regarding part similarity based on their expertise. This knowledge is captured
and a new cookie cutter is created and made available to all other users. Other future work
would include an interface to guide users through the cookie cutter selection process, the
actual database search (filtering) process, and the ultimate visualization and selection of

results.
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Appendix A
Source Code for Shaped Neighborhood Visualization

(o2 232 2 22 2222 222222l ss2 22222 T R 2222 22 22 2 2 g e ey e s

c *
c PURPOSE: RENDER A NEURAL NETWORK BASED SHAPED NEIGHBORHOOD *
c *
C METHOD: DEFINE AN IMAGE PLANE IN TERMS OF AN EYE POINT, *
c VIEW ANGLE, AND IMAGE RESOLUTION. CAST RAYS THROUGH *
c THIS IMAGE PLANE AND SOLVE FOR THE NEURAL NETWORK *
Cc INTERSECTION. REFELECT THE RAY AROUND THE SURFACE *
c NORMAL AT THE INTERSECTION POINT AND MEASURE THE *
c ANGLE BETWEEN THE REFLECTED RAY AND A LIGHT SOURCE *
o THE PIXEL INTENSITY IS PROPORTIONAL TO THIS ANGLE. *
c *
c PROGRAMMER: F. S. HOLMAN IIXII *
fod *
C VERSION: 1.0 *
C DATE 2/10/99 *
c *

Chhikkhkhhhkhkhhhkhhhhkkhkhkhkhkthhkhkhihhkhhkhhhhhhhhhfrhhhkhhhkrhhhhhkhhkhhhhkhhrhhrhkthrhhkhhkh

c
IMPLICIT INTEGER*4 (A-Z)

c
INTEGER*4 IMAGE (480,640), PIX
REAL*8 DIST, LGH(3), LEN, VAL, SCALE
REAL*8 WT1(20,4), WI2(21), X, ¥
REAL*8 FOCUS (3) , CEN(3), EYEPNT (3)
REAL*8 XRES, YRES, PIXPNT(3), HALF(3)
REAL*8 VEC3(3), VEC4(3)
CHARACTER*1 NXTWRD

c
COMMON IMAGE, WT1l, WT2

c

ol 2 2 L L g Y L 2 e R 2 R 2 22 2 R L T2 T 2 R SR R R R g
C **xx%* TOP OF EXECUTABLE CODE *hhkkkdhhkkkhkhkhhkdkhkhhkhkhhhhkkhhkddkrhkhkihhrhktrhh
WRITE (6,2)
2 FORMAT(/,' SHADE A SHAPED NEIGHBORHOOD')
Cc
C OPEN NEURAL NET WEIGHTS FILE
OPEN (UNIT=65,ERR=6000 , STATUS="'OLD"')

c
C READ IN THE WEIGHTS DATA
8 FORMAT (F32.22)
DO 12 J=1,20
DO 10 K=1,4
READ (UNIT=65, FMT=8 ,END=20 ,ERR=20) VAL
WT1 (J,K)=VAaL

C WRITE(6,*)J,K,WT1 (J,K)
10 CONTINUE
12 CONTINUE

14 FORMAT('WT1(',I2,',',I2,')=",F32.28)



DO 16 K=1,21
READ (UNIT=65, FMT=8 , END=20 ,ERR=20) VAL

WT2 (K)=VAL
16 CONTINUE
13 FORMAT ('WT2(' ,I2,')="',F32.28)
GOTO 100
c
20 CONTINUE
WRITE (6,*) '*** ERROR IN WEIGHTS READ ROUTINE ***!'
GOTO 6000
c

c***************************************’k*t****************

C OPEN OUTPUT FILE

100 CONTINUE
OPEN (UNIT=50 ,ERR=6000 ,STATUS="NEW')
OPEN (UNIT=60 ,ERR=6000 ,STATUS="OLD"')

of

C INITIALIZE WRITE POINTER
RDPNT=81
WIPNT=1
ERRCNT=0

c

C INITIALIZE THE IMAGE ARRAY
DO 210 J=1,480
DO 200 K=1,640
IMAGE (J,K)=0

200 CONTINUE
210 CONTINUE
c

C DEFINE THE LIGHT SOURCE
LGH(1)=10.0
LGH(2)=15.0
LGH(3)=15.0
LEN=DSQRT ( (LGH (1) **2) + (LGH (2) **2) + (LGH (3) **2))
LGH(1)=LGH(1l) /LEN
LGH (2)=LGH (1) /LEN
LGH (3)=LGH(1) /LEN
WRITE (6, *) 'LIGHT=' ,LGH
c
C SET THE FOCUS POINT
FOCUS(1)=5.0
FOCUS (2)=5.0
FOCUS (3)=5.0
WRITE (6, *) 'FOCUS="' ,FOCUS
c
C DEFINE THE EYE POINT
READ (5,50) EYEPNT (1)
READ (5,50) EYEPNT (2)
READ (5, 50) EYEPNT (3)
FORMAT (F8. 4)
EYEPNT(1)=8.0
EYEPNT (2)=8.0
EYEPNT (3)=20.0

aao00wm
o
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C GET VIEW ANGLE AND IMAGE PLANE
58 CONTINUE
CEN (1) =EYEPNT (1) -FOCUS (1)
CEN (2) =EYEPNT (2) -FOCUS (2)
CEN (3) =EYEPNT (3) -FOCUS (3)
c WRITE(6,*) 'CEN =',6CEN
c WRITE (6, *) 'CALLING GETTWO'
CALL GETTWO (CEN,VEC3,VEC4)
WRITE (6, *) 'VEC3=',VEC3
WRITE(6,*) 'VEC4="',6VEC4
c
C SPLIT THE DIFFERENCE TO EYEPOINT
HALF (1) =FOCUS (1) + ( (EYEPNT (1) -FOCUS (1) ) /2.0)
HALF (2) =FOCUS (2) + ( (EYEPNT (2) —-FOCUS (2) ) /2.0)
HALF (3) =FOCUS (3) + ( (EYEPNT (3) —-FOCUS (3) ) /2.0)
WRITE (6,*) 'HALF WAY =',HALF
o]
C*************************************************************
C DOUBLE LOOP TO CREATE IMAGE
SCALE=125.0
XRES=DFLOAT (480) / (2.0*SCALE)
YRES=DFLOAT (640) / (2.0*SCALE)
DO 1000 U=1,480

WRITE (6,*) 'SCANLINE = ',U
DO 990 V=1,640
c WRITE (6, %) '*hkkhkhkkhhketrtr®x | T © *kkhrkhrkrhkrarthrehrrihis?

X=(DFLOAT (481-U) /SCALE)
¥=(DFLOAT(641-V) /SCALE)
c
C CALCULATE PIXEL PLANE POINT
PIXPNT (1) =HALF (1) +(VEC3 (1) * (X-XRES) ) + (VEC4 (1) * (Y-YRES) )
PIXPNT (2) =HALF (2) + (VEC3 (2) * (X-XRES) ) + (VEC4 (2) * (Y-YRES) )
PIXPNT (3) =HALF (3) + (VEC3 (3) * (X-XRES) ) + (VEC4 (3) * (Y-¥YRES} )
c
C FIND THE INTERSECTION WITH THE NEURAL NET
CALL FUNC(EYEPNT,PIXPNT, LGH,VEC3,VEC4,PIX,ERRCNT)
IMAGE (U,V)=PIX
990 CONTINUE
1000 CONTINUE
C PRINT OUT ERROR COUNT
WRITE (6,*) '"ERROR COUNT = ', ERRCNT
o]
o 2 2 g g 2 g Y S L e E s
C CREATE THE TIFF IMAGE
DO 1500 Q=1,256
CALL RDBUF (ISCAN ,NXTWRD , RDPNT)
IF (RDPNT.EQ.0) GOTO 6000
CALL WTBUF (ISCAN,WTPNT)
1500 CONTINUE

WRITE(6,*) '"WARITE IMAGE TO TIFF FILE'
DO 2010 L=1,480
DO 2000 M=1,640
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J=L
K=641-M
PIX=IMAGE (J,K)
IF(PIX.EQ.0) THEN
CALL WTBUF (20 ,WTPNT)
CALL WTBUF (20 ,WTPNT)
PIX=(128+(J/8)) -1
CALL WTBUF (PIX,WIPNT)
ELSE
c ** RED
CALL WTBUF (PIX,WTPNT)
Cc ** GREEN
CALL WTBUF (PIX,WIPNT)
o ** BLUE
CALL WTBUF (PIX,WTPNT)
ENDIF
2000 CONTINUE
2010 CONTINUE
C
C FLUSH THE WRITE BUFFER
DO 2020 K=1,80
CALL WTBUF (0, WTPNT)
2020 CONTINUE
C
o 2 e e 2y 2
6000 CONTINUE
STOP
END

.

[
fod 22 22 2 222 22 2L 2R ARttt S22 stsd sl 2222 s S S

SUBROUTINE WTBUF (OUT,WTPNT)
ot 22 2222 2 2 2 g s g g g gy L s LT T L e g

C WRITE WORD TO BUFFER, WRITE BUFFER WHEN NECESSARY
ol 22 R g L e R L L T e e I LI L 2
IMPLICIT INTEGER*4 (A-Z)
INTEGER*4 WTPNT, OUT, OUTWRD, SAV
CHARACTER*1 NXTWRD (4) , WBUFF (80)
EQUIVALENCE (OUTWRD ,NXTWRD (1))
Cc
50 CONTINUE
C CHECK FOR END OF BUFFER
IF (WIPNT.GT.80) GOoTO 100
QOUTWRD=IOR (OUT, SAV)
WBUFF (WITPNT) =NXTWRD (4)
WTPNT=WTPNT+1
GOTO 200
c
100 CONTINUE
C BUFFER FULL SO WRITE NEXT RECORD
WRITE (UNIT=50,FMT=120,ERR=130) WBUFF
120 FORMAT (80A1)
WITPNT=1
GOTO 50
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130 WTPNT=0
200 CONTINUE
RETURN
END
(o]
e a2 ss

SUGBROUTINE RDRBUF (ISCAN,NXTWRD, RDPNT)
ChEthhkhdhhkhkhhhhdhhkhkhkhkkkhhhk kT kb hhhkhhkhkrkhhkrkrrhktrrhkrhtr

C RETURN NEXT WORD, READ FROM FILE WHEN NECESSARY
ChRrhhhkhhhhhhhhhhhhhhthkhhhrhkkhhkkhkhrrkrhkrhtrhhhhrhkrrkrrerhtd
Cc
IMPLICIT INTEGER*4 (A-Z)
INTEGER*4 RDPNT,ISCAN
CHARACTER*1 NXTWRD,RBUFF (80)
(o]
50 CONTINUE
C CHECK FOR END OF BUFFER
IF (RDPNT.GT.80) GOTO 100
NXTWRD=RBUFF (RDPNT)
RDPNT=RDPNT+1
GOTO 200
(o]
100 CONTINUE
C BUFFER EMPTY SO READ NEXT RECORD
READ (UNIT=60,FMT=120 ,END=130,ERR=130) RBUFF
120 FORMAT (80A1)
RDPNT=1
GOTO 56

130 RDPNT=0
200 CONTINUE
ISCAN=ICHAR (NXTWRD)
RETURN
END
c
ed a2 L T T L L s

SUBROUTINE FUNC (STAR,END, LGH,VEC3,VEC4 ,VALUE , ERRCNT)
ol 222 2l g L e g L Ly Y Y S e ass

C SET UP A RAY AND FIND FUNCTION INTERSECTION
Chihkhkhhkkkhhhhkhkhhkkhhhhhhkkhkhkhhkkrhrkrhkhrhhthkbkhrhrrhkrhkrh

IMPLICIT INTEGER*4 (A-2)

REAL*8 X, ¥, STAR(3), END(3), ZPNT(3), OFFSET
REAL*S8 NRM(3) , MAG, THETAR, THETA, LGH(3)
REAL*8 LEN, WPNT(3), XPNT(3), VEC1(3), VEC2(3)

REAL*8 OFF1(3), OFF2(3), VEC3(3), VEC4(3)
INTEGER*4 VALUE, ERRCNT

c

C GET THE INTERSECTION

c WRITE (6, %) ' **k*xkktkx*x* ENTERED FUNC **thtkkrhrrs!
c WRITE (6,10) STAR, END

10 FORMAT (' STAR=',63F10.4,' END=',b3F10.4)

CALL EVAL (STAR,END,ZPNT,MAG, ERRCNT, GOTPIX)
VALUE=0



aaa (¢}
8
H

2
H

Cc

IF (GOTPIX.NE.1l) GOTO 1000

FIRST NEARBY POINT

OFF1 (1)=END (1) +(VEC3 (1) *0.02) + (VEC4 (1) *0.0)
OFF1 (2)=END (2) +(VEC3(2) *0.02) + (VEC4 (2) *0.0)
OFF1(3)=END (3)+(VEC3(3) *0.02) + (VEC4 (3) *0.0)
WRITE (6, %) ' kdkatrhtkthhtthkrrkhard?
WRITE(S,*) 'TEND =',END

WRITE(6,*) 'OFFl=',0FF1

CALL EVAL (STAR,OFFl,WPNT,MAG, ERRCNT,GOTPIX1)

SECOND NEARBY POINT

OFF2 (1) =<END (1) + (VEC3(1) *0.0)+ (VEC4 (1) *0.02)
OFF2 (2) =END (2) +(VEC3 (2) *0.0) + (VEC4 (2) *0.02)
OFF2 (3)=END (3) +(VEC3(3) *0.0) + (VEC4 (3) *0.02)
WRITE (6, %) ' Ahkakhhk kA Rtk ARk A XXX NL !
WRITE(6,*) '"END =' END

WRITE(6,*) 'OFF2="',0FF2

CALL EVAL (STAR,OFF2,XPNT ,MAG, ERRCNT, GOTPIX2)

C SKIP IF NO INTERSECTION

anNnaQn

800

C GET

C GET

IF((GOTPIX1.NE.1l) .0OR. (GOTPIX2.NE.1l)) GOTO 1000
WRITE (6, *) '"WPNT="' ,WPNT
WRITE (6, *) 'XPNT="' ,XPNT

CREATE 2 VECTORS

DO 800 T=1,3
VEC1 (T) =WPNT (T) -ZPNT(T)
VEC2 (T) =XPNT (T) -ZPNT (T)
CONTINUE

NORMAIL (CROSS PRODUCT)
NRM (1) =( (VEC1 (2) *VEC2 (3)) - (VEC2 (2) *VEC1(3)))
NRM (2) =- ( (VEC1 (1) *VECZ2 (3)) - (VEC2 (1) *VEC1(3)))
NRM (3) =( (VEC1 (1) *VEC2 (2) ) — (VEC2 (1) *VEC1(2)))

THE ANGLE BETWEEN VECTORS
LEN=DSQRT ( (NRM (1) **2) + (NRM (2) **2) + (NRM(3) **2) )
WRITE (6, *) '"NRM=',NRM,' LEN=',6LEN

NRM (1) =NRM (1) /LEN

NRM (2) =NRM (2) /LEN

NRM (3) =NRM (3) /LEN

THETAR=DACOS ( (NRM(1) *LGH (1) ) + (NRM(2) *LGH(2) ) +

& (NRM(3) *LGH(3)))

THETA= (57 .29578*THETAR)
VALUE=IDNINT (THETA) *2
WRITE (6, *) 'PIX=' ,VALUE

CONTINUE
RETURN
END
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Chhkhkkthkkhkhkhkhhkhhhhthkhrbhhbhhrhthhtrthhritethkrbthrtthrtkd bttt hin

SUBROUTINE EVAL(STAR,END,ZPNT,MAG,ERRCNT, GOTPIX)
ol 222 2 e g sl e I e Iy s

C GET INTERSECTION OF VECTOR AND FUNCTION
Chhhhkhhkhhhkhhkhhkhkhrhhkthhkkrkkrrkkkhkkkkhkhkrrhkrhkrhhkhkkhkrhkhkkhkhkrkhhh

(o4
IMPLICIT INTEGER*4 (A-2Z)

(o]
REAL*8 STAR(3) ,END(3), ZPNT(3), RAY(3), ALPHA
REAL*8 BEFORE, MAG, DIF, PUSH, LEN
REAL*8 SEPl, SEP2, SEP3, SEPTOT
INTEGER*4 ERRCNT, GOTPIX
o
c WRITE (6, %) ' ***k**kkkt*x GET FUNCTION ***kxkkkhkhiss
GOTPIX=0
PUSH=-0.002
ALPHA=1.1
ZPNT (1)=STAR (1)
ZPNT (2)=STAR(2)
ZPNT (3) =STAR (3)
Cc WRITE (6,10) ZPNT ,END
10 FORMAT(' ZPNT=',3F10.4,' END=',3F10.4)
C

C GET THE UNIT RAY
RAY (1) =END (1) -STAR (1)
RAY (2) =END (2) —STAR (2)
RAY (3) =END (3) ~STAR(3)
LEN=DSQRT ( (RAY (1) **2) + (RAY (2) **2) + (RAY (3) **2))
RAY (1) =RAY (1) /LEN
RAY (2) =RAY (2) /LEN
RAY (3) =RAY (3) /LEN

c
C LOOP UNTIL CLOCSE
J=0
100 CONTINUE
MAG=0.0
JI=J+1
c WRITE (6,*) '***x%k%xkkx*t [LOOP',J,' *r*kkkkktkhhkhkhtt
IF(J.GT.300) THEN
lod WRITE(6,*) ' ***DIVERGING*** '
ERRCNT=ERRCNT+1
Do 125 ©¢=1,3
ZPNT (Q)=0.0
MAG=0.0
125 CONTINUE
GOTO 200
ENDIF
(o}

C CHECK FOR OUT OF RANGE
SEP1=(STAR (1) ~ZPNT (1) ) **2
SEP2=(STAR(2) —ZPNT (2) ) **2
SEP3=(STAR(3) —ZPNT (3) ) **2
SEPTOT=DSQRT (SEP1+SEP2+SEP3)
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127

c

IF (SEPTOT.GT. (18.0)) THEN
AWARITE (6, %) '***QUT OF RANGE**¥*'
ERRCNT=ERRCNT+1
DO 127 ©=1,3
ZPNT (Q)=0.0
MAG=0.0
CONTINUE
GOTO 200
ENDIF

C COMPARE NN Z VALUE TO CURRENT Z VALUE

(¢}

200

C

(a2 2 22 22 S22 a2t el s it it sttt ettt st st s

(e 2 222222 2 S22 2ttt it sttt aissis s sttt sl s S

CALL EV (ZPNT,MAG)
WRITE (6, *) '"MAG=',MAG
DIF=MAG-ALPHA
WRITE(6,*) 'DIF =',6DIF
IF (DABS (DIF) .LT. (0.005)) THEN
GOTPIX=1
WRIEE(S,*) R & & 4 mTcH E & & 3
WRITE(6,%) "' '
GOTO 200
ENDIF

PUSH ZPNT ALONG VECTOR

ZPNT (1) =ZPNT (1) + (RAY (1) * (PUSH* (300~J) *DIF))
ZPNT (2) =ZPNT (2) + (RAY (2) * (PUSH* (300~J) *DIF))
ZPNT (3) =ZPNT (3) + (RAY (3) * (PUSH* (300~J) *DIF))
WRITE(6,*) 'ZPNT =' ZPNT

GOTO 100

CONTINUE

RETURN
END

SUBROUTINE EV (ZPNT, MAG)

C EVALUATE THE SPACE POINT

(o 2 2 22 2 22 22 a2 st st i st st sttt Rttt sttt st e ss s

C

Cc

IMPLICIT INTEGER*4 (A-2Z)

INTEGER*4 IMAGE (480,640)

REAL*S8 ZPNT (3) , MAG

REAL*S8 WT1(20,4) , WT2(21)

REAL*8 NODE1 (4) , NODE2(21) , NODE3, SIGPRIME
REAL*8 ACT1 (20) , ACT2, ERR, LRP

COMMON IMAGE, WT1, WT2

C FEED FORWARD TO NODE 1

NODE1 (1) = ZPNT (1)
NODE1 (2) = ZPNT(2)
NODE1(3) = ZPNT(3)
NODE1(4) = -1.0

NODEZ2 (21) -1.0

100
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Chhkkkkhkhkhkhkhkhkhkhhkhkhhkhkkkhkhkhkkhrhkkhhkkhktrhbhkrhhihhi

C FEED FORWARD TO HIDDEN LAYER 1
DO 150 T=1,20
ACT1(T)=0.0
DO 140 U=1,4
ACT1 (T)=ACT1 (T) + (NODE1 (U) *WT1 (T,U))

140 CONTINUE

150 CONTINUE

(o4 WRITE (6, *) 'ACT1=' ,ACT1l
c

C CALCULATE THE NON-LINEARITIES FOR HIDDEN LAYER 1
DO 160 N=1,20
CALL SIGMOID(ACT1(N) ,NODEZ2 (N))
160 CONTINUE
c WRITE (6, *) '"NODE2=' NCDE2
Cc
ol 2 2 L R R 2 T L T 2
C FEED FORWARD TO OUTPUT LAYER
ACT2=0.0
DO 170 v=1,21
ACT2=ACT2+ (NODE2 (V) *WT2 (V) )
170 CONTINUE
WRITE(6,*) " '
HWRITE (6, %) ' *hktdd ke ke kb kA ARk A A Akt AR AR ARk ke hk

WRITE(6,*) ' POINT =', ZPNT

naoaaaan

CALCULATE THE NON-LINEARITIES FOR OUTPUT LAYER
DO 185 N=1,3
CALL SIGMOID (ACTZ2Z,NODE3)
185 CONTINUE

c

C RETURN THE MAGNITUDE
MAG=ACT2

Cc
RETURN
END

c

ChrhkhkhkhhhhkhhkhAAXEEARAARRAAAEhkTRETAIAAXAkAkkAkrkkhktrhkhhhhkkhhkhhrrhrhkrhhrhkkrhht

SUBROUTINE SIGMOID (VALIN,VALOUT)
o3 2 R 2 2 L L s 2 a a2 L T L L 22 e

C COMPUTE THE SIGMOID OF A NUMBER
c***********************************************************************
IMPLICIT INTEGER*4 (A-Z)
REAL*8  VALIN, VALOUT
c
C CALCULATE THE NON-LINEARITIES
IF (ABS (VALIN) .GT. (40.0)) THEN
IF (VALIN.LT. (0.0)) VALOUT=0.0
IF (VALIN.GT. (0.0)) VALOUT=1.0
IF (VALIN.EQ. (0.0)) VALOUT=0.5
ELSE
VALOUT=1.0/ (1.0+EXP (-VALIN) )
ENDIF
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1000 CONTINUE
RETURN
END
200 CONTINUE
RETURN
END
c
o2 2 s Y et 2 e Y I L L 2 e e 22 a2 222l

SUBROUTINE GETTWO (CEN,VEC1,VEC2)
ok g 2 2 22 2 22 2 R I I Y L s S a s s A R st it sy

C GET TWO NORMAL VECTORS TO A UNIT VECTOR
fod g 22 212 2 L 2 g Y L e s s s s i s sy

IMPLICIT INTEGER*4 (A-Z)

c
REAL*8 CEN(3), VEC1(3), VEC2(3)
REAL*8 TMP1(3), TMP2(3), TMP3(3), TMP4(3), TMPS(3)
REAL*8 GAMMAR, THETAR, MAG, SIGN, RAD

o

C WRITE (6,%) '**%kkktx* ENTERED GETTWO ****kkkkxt!
SIGN=1.0

c
MAG=DSQRT ( (CEN (1) **2) + (CEN (2) **2) + (CEN (3) **2))
CEN (1) =CEN (1) /MAG
CEN (2) =CEN (2) /MAG
CEM (3) =CEN (3) /MAG

c WRITE (6,10) CEN

10 FORMAT (' CENTER=',b3F12.8)

o

C GET THETA IN RADIANS
RAD=DSQRT ( (CEN (1) **2) + (CEN (2) **2))

C WRITE(6,*) 'ANGLE IN RADIANS = ' ,RAD
THETAR=DACOS (CEN (1) /RAD)
C WRITE(6,*) 'THETAR = ', THETAR

CALL ROTZ (CEN, THETAR, TMP1)
IF(T™™MP1(2) .GT. (0.001)) THEN
CALL ROTZ (CEN, -THETAR, TMP1)

SIGN=-1.0
ENDIF
o]
RAD=DSQRT ( (TMP1 (1) **2) + (TMP1 (3) **2))
GAMMAR=DACOS (TMP1 (1) /RAD)
c WRITE (6, *) 'GAMMAR = ', GAMMAR
c
T™P2 (1)=0.0
TMP2 (2)=0.0
T™P2 (3)=1.0
CALL ROTY (TMP2, -GAMMAR, TMP3)
CALL ROTZ (TMP3, (-SIGN*THETAR) ,VEC1)
c

™P4(1)=0.0
T™™P4 (2)=1.0
T™P4 (3)=0.0
CALL ROTZ (TMP4, (-SIGN*THETAR) ,VEC2)



c WRITE (6, *) 'TMP1="' , TMP1l
c WRITE (6, *) 'TMP2="' , TMP2
c WRITE (6, *) ' TMP3="' , TMP3
c WRITE (6, *) ' TMP4=', TMP4
Cc WRITE (6, *) 'VECl=' ,VEC1
C WRITE (6, *) 'VEC2=' ,VEC2
(o4
100 CONTINUE

RETURN

END

c
o 2 2 S 2222 22228 222222222 222222222 2222222222332 2222222222222 22

SUBROUTINE ROTX (WIN,ANG,WOUT)
fod 22222 222 22 2 2 2 2 L S Iy I e a2 )

C ROTATE ARCUND X AXIS
ol 2 g L gy T e T 2 2 2 ey 2 e

IMPLICIT INTEGER*4 (A-Z)

C
REAL*8 WIN(3) , ANG, WOUT(3)
c
C DO THE ROTATION TRANSFORMATION
WOUT (1) =WIN(1)
WOUT (2) =( (WIN(2) *DCOS (ANG) ) - (WIN(3) *DSIN (ANG) ) )
WOUT (3) =((WIN(2) *DSIN (ANG) ) + (WIN(3) *DCOS (ANG) ) )
o4
RETURN
END
(od

[0l A2 S22 22 22 s s R 222 s a2t sl sss s s s s]

SUBROUTINE ROTY (WIN,ANG,WOUT)
a2 2 222 2 2 2 g e a2y sy

C ROTATE AROUND Y AXTS
o3 22 2 22 2 22y g R YT 2 I 2L )
IMPLICIT INTEGER*4 (A-Z)
C
REAL*8 WIN(3) , ANG, WOUT (3)
Cc
C DO THE ROTATION TRANSFORMATION
WOUT (1) =( (WIN(1) *DCOS (ANG) ) + (WIN (3) *DSIN (ANG) ) )
WOUT (2) =WIN({2)
WOUT (3) = (- (WIN(1) *DSIN (ANG) ) + (WIN(3) *DCOS (ANG) ) )

RETURN
END
c
ORI AR TR I R A AR R AT AL AT RAA T AR AT hh T AR LAk ke hhkkhkr

SUBROUTINE ROTZ (WIN,ANG,WOUT)
od a2 e 22 2 2t e X a2 2 S 2 gy T s R T L 2 L 2 e L

C ROTATE AROUND Z AXIS

ol 2 2 2 2 2y e e Y T 2 2 T T 2 T 3 L L
IMPLICIT INTEGER*4 (A-Z)
REAL*8 WIN(3), ANG, WOUT(3)
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o]
€ DO THE ROTATION TRANSFORMATION
WOUT (1) =( (WIN (1) *DCOS (ANG) ) — (WIN (2) *DSIN (ANG)) )
WOUT (2) =( (WIN (1) *DSIN (ANG) ) + (WIN(2) *DCOS (ANG) ) )
WOUT (3) =WIN(3)

RETURN
END
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Appendix B
C Code for Shaped Neighborhood Evaluation

/********#****** e de de de de de de de dode de do d g d Fe Fe o de dode de e de e do e de de g de e de de de e de do de e e

* ¥

* Shaped Neighborhood: Cookie Cutter

* Programmer : Frank Holman
E
*****************-b*l—****************************#*******/

*
*

Jo

#include <stdio . h>
#include <math.h>

/* Function prototype */
long double feed_fwd(long double x[3]):
long double sigmoid(long double in_val);

/* Global Declarations */
int DBG=2;
long double wt1[20]{4]. wt2[21}:

main(arge. argv)
int argc;
char *argv{]:

{
FILE *fp_in, *fp_out, *fp_targ. *fp wgt, *fopen():

int i. j, n. id. part_id[1000]. prtcnt=0:
long double val, output, scale=2.0:
long double cand[3], targ[3]. x[3]:
long double threshold= 1.0000;

/* Print out prolog */
printf("\n");

printf(" ****************i*****************************\n") H
printf(* * *\n") ;
printf (" * Shaped Neighborhood *\n") ;
printf (" * *\n");
printf(" * Load a Neural Network from the external *\n") ;
printf(" * weights file. Read data from an input *\n") ;
printf(" * file, and filter it with respect to a *\n");
printf(" * target point and NN threshold parameter *\n") ;
printf(™ * *\n");
printf(“ ******************Vk**-k**-lv*********************\n") ;

printf("\n");

/* Print out the command line parameters */
if(DBG>1) printf("argv[1] = %s, argc = %d\n", argv{1],argc);
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/*¥** Open the weights file, input, and output files *¥****xkxkrsiksx/
if (argc = 5)

{

/* Open the weights file */

if((fp_wgt = fopen(argv(1],"r")) == NULL)
{
printf("can't open %s\n", argv{1]);
exit(1):
3

/* Open the input file */

if((fp_in = fopen(argv[2],"r")) = NULL)
{
printf("can't epen %s\n". argv{2]);
exit(1):
H

/* Open the target file */

if((fp_targ = fopen(argv(3]."r")) == NULL)
{
printf("can't open %s\n", argv([3]):
exit(1);
¥

/* Open the output file */

if((fp_out = fopen(argv(4],"w")) == NULL)
{
printf("can't open %s\n", argv[4]):
exit(1):
}

}

else

{

/* Prompt for correct syntax */

printf("syntax: shape weight file in.file target.file output.file\n"):

exit(1):

H

[Rx*xk Read in external Welghts Fkkokok kR R R Rk Rk Rk Rk Rk Rk Rk kK Kk S

f(DBG>2) printf("\n**** Read in the Weights **+*\n");
/* Input layer */
for (1=0:i<20;i++)
{
for (j=0;j<4;j++)
f

tl'scanf(fp_wgt,""/uLﬁ“,&val);
wtl{i][j]=val;
iflDBG>2) printf("wt1[%d][Yed]=%LH\n",i j,wt1[i][j]):
}
}
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/* Qutput layer */
for (i=0:i1<21:i++)
{
fscanf(fp_wgt,"%L{".&val);
wi2[i]=val;
if(DBG>2) printf("wi2[%d]=%f\n".i.wt2[i]);
¥

[*¥¥** Read in Target data ******************************************/

printf("\n**** Read target file ****\n");
n=fscanf(fp_targ."%Lf" "%Lf" "%L{".&targ{0] &targ[1].&targ[2]):
if(DBG>1) printf("Target = %Lf %Lf %Lf\n" targ[0], targ[1],targ[2]):

[ExEk Pass mput data through neural network ***********************/

printf("\n**** Loop over input data ***¥\n");
f(DBG>1) printf("\n");
while(n>2)
{
/* read input data */
n=fscanf(fp_in."%d %Lf" "%Lf" "%L{".&id &cand[0].&cand[1],&cand[2]);

printf("Mn****E ek Part i = Yd FEFEEREEEEEELERD" ()
if(DBG>1) printf("Target = %Lf %Lf %LAn".targ{0] targ[1],targ{2]):
if(DBG>1) printf("Candidate = %Lf %Lf %lL.A\n".cand[0].cand[1],cand[2]):

/* translate to origin and scale */

for (i=0;i<3;i++)
{
x{i]=((cand[i]-targ[i]) * scale)+5.0;
}

/* send values through network */
f(DBG>2) printf("**** send data to Neural Network ****\n");
output=feed_fwd(x):
if(CBG>1) printf("output=%Lf\n" output);
if{output>threshold)
{
printf("*** MATCH ***\n");
fprintf(fp_out,"\n**** Part ID = ‘yod ¥ 3k 3k 3k Ak ok % **#*#**'—L******\n"’id);
fprintf(fp_out."Target = %Lf %Lf %LAn" targ[0].targf1],targ[2]):
fprintf(fp_out."Candidate = %Lf{ %L{ %Lf\n".cand[0],cand[1},cand[2]):
fprintf(fp_out."output=%Lf\n" output);
H




*
o
L,

*k kK Rk kR *%k *kkkf

/ * * k%

/* Close the files. */
fclose(fp_in);
fclose(fp_out);
fclose(fp_targ):
fclose(fp_wegt):

/* Normal exit */
puts("\n**** Normal program termination ****\n");

exit(0):

/******************************************************/

/** function: feed fwd(x) *x/

/** Pass a vector through the network, return output **/
ddhkdhhkhkhhdhkhkhkdhhkdhdhhdhkdkhkdkddhrhhhkhihdhhkddhhdhhkdbhkidhhiii
/ /

long double feed_fwd(long double x[3])

{
intt wv,n;
long double nodel[4], node2[21], node3;
long double act1{20], act2;

/* feed inputs to first layer */
nodel[0] =x[0];

nodel[l] =x[1};

nodel[2] =x[2];

nodel[3] =-1;

node2[20] =-1;

/* feed forward to hidden layer */
for(t=0:t<20:t++)
{
actl[t]=0.0:
for(u=0:u<4;u++)
{
actlt]=act1[t]+(nodel[u]*wt1[t][u]):
H
H

/* calculate the non-linearities for hidden layer 1 */
for(n=0;n<20;n++)

{

node2[n]=sigmoid(actl[n]):

H

/* feed forward to output layer */

act2=0.0;

for(v=0;v<21.v++)
{
act2=act2-H(node2[v]*wt2[v]):
3
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/* calculate the non-linearity for output layer */
node3=sigmoid(act2):

/* return the output value */
/* return node3; */
return act2;

}

/#**-b*****************#********************************/

/** function: sigmoid(val_in) **/

/** Return the sigmoid of an input value **/
Fhhdddbdlhddhhdhdhhkdhhdddddddddhdhdhikddddkddddddddddhdhdhkddhi
/

long double sigmoid(long double val_in)

{
iong double val_out;

if(abs(val_in)>40.0)
5

[§
if(val_in>0.0) val_out=1.0;
if(val_in<0.0) val_out=0.0:
H

else

{
val_out=1.0/(1.0+exp(-val_in));

¥

/* Return sigmoid */
return val_out;
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