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ABSTRACT Our approach is to use learning algorithms (decision tree learn-
dAng and reinforcement learning) to develop weighted similarity func-

This paper describes a new approach to automate the classificatio . A
bap Pp tions based on an underlying shape distribution-based shape model

of solid models using machine learning techniques. Existing ap- hi lqorith
proaches, based on group technology, fixed matching algorithmsmatC Ing ggor.ltdm.. q families had b d

or pre-defined feature sets, impose a priori categorization schemes _IE practice, ;1“ elxmg of parts an part fami |esh a | een done
on engineering data or require significant human labeling of design wit ' group tec nology (CT) COdmgl.EJ' Group technology was
data. This paper describes a shape learning algorithm and a generdi€Signed to facilitate process planning and cell-based manufactur-
technique for “teaching” the algorithm to identify new or hidden N9 by imposing a_classmcatlon scheme on individual machlr_1ed
classifications that are relevant in many engineering applications. parts.. These techniques were developed prior to the advent of Inex-
In this way, the core shape learning algorithm can be used to find a PENSVe computer technology, hence they are not rigorously defined

wide variety of model classifications based on user input and train- and are intended for human, not machine, interpretation. Some of

ing data. This allows for great flexibility in search and data mining t_he early work_ on feature identification from solid models aimed to
of engineering data. find patterns in model databases or automate the GT coding pro-

cess . The common aspect of all of these techniques is that they are
. . . all post priori; one runs their algorithm on model and it produces
Categories and Subject Descriptors the category or label for it. There are many issues with this: If my
H.3.3 Information Storage or Retrieval]: Information Search or ~ categorization scheme changes? Do | need an entirely new algo-
Retrieval; 1.3.7 Computer Graphics]: Three-Dimensional Graph- rithm? It would be nice if one had an algorithm that one could train
ics and Realism; I.2.64tificial Intelligence ]: Learning to find arbitrary categories.
; J.6 [Computer Applications]: Computer-Aided Engineering

2. RELATED RESEARCH
General Terms

Experimentation 2.1 Comparing 3D Models
There are two basic types of approaches for matching and re-
Keyword S trieval of 3D CAD data: (1jeature-basetkchniques and (Bhape-

basedechniques. The feature-based techniqégd|, going back

at least as far as Kyprianou's thesid)], extract engineering fea-
tures (machining features, form features, etc.) from a solid model
of a mechanical part for use in database storage, automated GT
1. INTRODUCTION coding, etc. Elinson et al] used feature-based reasoning for

This paper introduces an adaptation of machine learning and rt_atrieval of solid_ models f_or use in variant process planning. Ci-
data mining techniques for identification of arbitrary geometric and Cirello and Reglilg] examined how to develop graph-based data
manufacturing categories in CAD database. Recent work in indus- STUctures and create heuristic similarity measures among artifacts;
try [17] has explored the use of neural networks to identify parts _thls_ work was extended if2] to manufacturing fe_ature-based sim-
(fasteners) based on multiple 2D views. To our knowledge, no past 1arity measurement. McWherter et elJ have integrated these
research exists on how to use machine learning techniques to trainld€as with database techniques to enable indexing and clustering of

3D shape recognition system with CAD data. CAD models based on shape and engineering properties.
The shape-based techniques are more recent, owing to research

contributions from computational geometry, computer vision and

computer graphics. A shape-based approach works as the rep-
Permission to make digital or hard copies of all or part of this work for esentational “lowest common denominator”: STL or VRML (or
personal or classroom use is granted without fee provided that copies areother) polygon mesh. From the polygon mesh, measures of simi-
not made or distributed for profit or commercial advantage and that copies larity can be computed among 3D models. Thompson efL§]. [
bear this notice and the full citation on the first page. To copy otherwise, to examined reverse engineering of designs by generating surface and

republish, to post on servers or to redistribute to lists, requires prior specific machining feature information off of range data collected from ma-
permission and/or a fee.

SM'03, June 16-20, 2003, Seattle, Washington, USA. chined parts. Sipe, Hilaga et &F][present a method for matching
Copyright 2003 ACM 1-58113-706-0/03/000655.00. 3D topological models using multi-resolution Reeb graphs. The

3D Search, Shape Recognition, Shape Matching,
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Figure 1: An Overview of our approach: Training with classified examples to classify query models wittkNN technique.
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method of Osada, Funkhouser et/85|[is a basis for the work in given as input tkNN. Similar data instances are expected to fall
this paper. Their method creates an abstraction of the 3D model as @nto the same categories and distribute close to one another in the
probability distribution of samples from a shape function acting on data space, forming clusters of parts that represent different cate-
the model. Their technique is generally robust under model degra- gories.kNN learning works off this assumption and classifies query
dation, but it is a rigid technigue and is a poor discriminator among instance according to the classification of kreearest example in-
model classes because it analyzes gross model shape, rather thastance of the query instance. Hence, given a set of example in-
the discriminatory features that are common for CAD/CAM data. stances and their corresponding classifications ki learning

In addition, these recent published studigsll5] have focused ex- algorithm proceeds as follows:

clusively on a very limited set (several hundred) of heterogenous 1. Store{s;,s,-- s} and{c;,C,--Cm};

(planes, trees, phones, etc.) and manually-classified 3D graphics, 2. Acceptan unclassified query instansg,

animation and rendering models; a set that does not include any 3. Calculate the distances betweggrand{s,,s,---sn};

models that are specifically engineering, solid modeling or me- 4. Return the classification af given by the locally weighted
chanical CAD oriented. It should be noted that the CAD/CAM function and classifications of thenearest example instances.
dataset addressed in this paper is significantly more complex (i.e.,

polygon meshes are done at a very high degree of refinement) an03' PROBLEM FORMULATION

homogeneous (i.e., models are often very similar from a gross- Given a set of solid models and corresponding categories, our
shape standpoint, hence discrimination is difficult and not always Work attempts to extract the related attributes, features or patterns
based on pure shape). All models used in this paper are avail-to automatically construct a model classifier, as illustrated in Figure

able through the National Design Repositoryh&ip://www. [@ Our approach integrates learning with 3D model matching so
designrepository.org | that, using a small subset of example models as training kisitd,

o . can tune the matcher to perform classifications based on the input
2.2 Mining and Knowledge Discovery examples. In this way, the matching algorithm can learn arbitrary

Knowledge Discovery is the overall process of extracting non- classification schemes.

trivial relations from large amounts of data. [f],[ Agrawal out-
lined the three most important issues of many database-mining sys-Using kNN to Classify Solid Models.et S be a set of
tems: classification association andsequencing Fayyad et. al. solid models(s; ,s, - - -5 } whichis to be classified intm categories
Perhaps most well-studied problem among all these is the cluster-{c;,C,---cm}. In order to applykNN, we need (1) a subset &
ing problem, the main goal of which is to generate a compact de- to use for training examples; (2) a number(3) and a function
scription for subsets of data. A popular method of partition cluster- to serve as a distance metric among model iDistance metrics
ing is calledk-clustering[B]. While the general problem is known  measure the dissimilarity between models, and a number have been
to be NP-Hard, many effective heuristics have been developed, in-developed in previous resear) |12, [15].
cluding thek-means algorithnilll] and thek-medoid [B] method.

Tuning Parameters for Comparisonsext, one needs to
Nearest Neighbor Machine Learninghek nearest neigh-  adjust the parameters of the model comparison algorithm based on
bor learning algorithmI4] (kNN) learns classifications by storing  the specified classification, i.e., to return short distances if, for ex-
training examples and classifies query instances according to ex-ample,s, ands; are both in the same clasg, and larger distances
amples that are closest to the query instances. This algorithm is anif models are not in the same class. Hence, given solid models
instance based, unsupervised machine learning algorithm, typically {S;,S,,S;}, a categoryc; and the distance metrid(s;,s,), kNN
used for pattern recognition, learning complex functions and data requiress,,s, € ¢, As; ¢ ¢, = D(s;,S,) < D(s;,S;)-
mining. ThekNN algorithm requires: We develop a general method for adjusting the distances returned
by D(s;,s,) to satisfy this condition. We take advantage of the fact
most model distance functions are based on measuring the distance
betweenn comparable attributes, usually represented as a vector
< ay,8,---,an >. We assess the discriminatory power of each
attribute and assign weights to each attribute in order to maximize
the ability of the classifier to discriminate among the classes given
in the training set. Hence, the distance in between a pair of models
is a weighted distance amongttributes:

e A set of example instance® be used as the model answers
for classifying query instances.

e A distance metriceturning a numerical value describing the
dissimilarity between two data instances.

e k example instances to be inspected to determine the classi-
fication of a query instance.

e A locally weighting functiorior combining thek local points
into the result.

Data instances are described mbwattributes, projected into am D _ 4 W -D 1
dimensional data space as a vectom,,a,,---,a, > and then (51:%) i; Dl 5) @)
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D(s, ,s, ) represents the distance between attribhutemodelss;
it 4

ands,, w, represents the weight of the attribute. The trick of how
to calculate thev;’s is discussed in Secti¢h2
Sockets

Wheels Housings

Mazewheel

Unter2

SipeSocket| SimpleBoeing

Figure 2: Training examples.

4. APPROACH
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Figure 3: Shape distributions for the example models.

histogram distances to reflect the significance of correlations based

Toillustrate the approach, we use distance metrics based on shapgn, the differences in the sample sizes in each categaiy,@UT,

distribution functions8,[15] in conjunction with an example dataset
consisting of six mechanical parts from three distinct categories:
SocketsWheelsandHousings All six example parts and their re-
spective categories are shown in FigieWe briefly review the
underlying technique, based d],[ for comparing solid models
then show how it can be a basis for training automated classifiers.

4.1 Enhanced Shape Distribution Matching

A mesh representation of a solid model is stochastically sampled
by placing random point-pairs on its surface and generating the the
probability distribution of distances between these points. As re-
ported in B], the techniques ofl5] can be significantly enhanced
to discriminate among globally homogeneous (both locally diverse)
models by classification of these point-pair distances as:

e IN distances: The line connecting the two points lies com-
pletelyinsidethe model.
e OUT distances: The line connecting the two points lies com-
pletelyoutsidethe model.
e MIXED distances: The line connecting the two points passes
bothinside and outsidef the model.
With the statistics of the classification of points and their Euclidean
distances, we construct normalizptbbability vs. distancehis-
tograms for each distindN, OUT, andMIXED. The accumulated

andMIXED.

Matching Example Averaged and scaled distances across all
pairs of example parts in the earlier example are shown relative to
the Mazewheel part in Tabfg

Part IN | OUT | MIXED | Average | Scaled
Unter2 15.7 | 72.2 31.8 39.9 | 1229
Socketl 57.9 | 58.9 78.1 65.2 | 2325

SipeSocket | 56.0 | 68.7 77.0 67.2 2325
Part03 16.2 | 32.1 39.1 29.2 | 97.63
SimpleBoeing | 19.7 | 49.6 33.9 34.4 | 110.44

Table 1: Distances in between Mazewheel part and other train-
ing examples.

Note that the Mazewheel part could easily be mis-classified in
this simple example if one uses just average distance or scaled dis-
tances. Since the closest, in average and scaled distances, part to
Mazewheel is Part03, instead of Unter2, which is supposed to be
the only part shares th&heelscategory with Mazewheel. This il-
lustrates the shortcoming of untrained shape matching algorithms
as well as the deficiencies of simple naive combinations of mea-
sures. Neither average or scaled distance measure produced the
categorical grouping correctly.

distributions of classifications are also recorded as percentage ra4.2 Learning Categories

tios of point pairs falling intdN, OUT, andMIXED categories for
the sampled model% + OUT% + MIXED% = 100%) These are
used to assess the significancéhdfOUT, andMIXED distribution
histograms, i.e., big differences in th€% for two models would
diminish the significance if a close measurement betweernNhe
histograms, etc.

Distribution Example.Point pairs are sampled and classified
to construct histograms as shown in Fig@teShape distributions
histograms are compared to produce dissimilarity measufés.
OUT andMIXED histograms of the models are mapped to a three
attribute vector< h,y, hg1,hyixep >- The dissimilarity in be-
tween models is represented by a perlbjmorm Minkowski dis-

tance in between their corresponding shape distribution histograms,

computed using across each of thieistogram bins as:

Sitolhy, —hy |

This is done for each of th&l, OUT, andMIXED histograms. The
differencesN%, OUT% andMIXED% are used to scale; norm
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Classifying models wittkNN can easily be done based on the
measures between the histograms and the sampling percentages.
The problem is that these distance metrics are composed of in-
formation from just the two models that are being compared. To
perform classification, one needs to learn a set of attribute weights
to enhance the discrimination acradsmodels in the dataset and
acrossll classes. Using thiN, OUT andMIXED histograms, and
the IN%, OUT% andMIXED% sampling data, our approach is to
derive a set of weights to combine these measures into a distance
metric that maximize discrimination among model classes.

4.2.1 Training Process

A small subset of models, including representatives from each
category, is used to learn the weights appropriate for the catego-
rization. Shape distribution histograms of all training examples are
computed and compared to determine the frequenciéd,d®dUT
or MIXED distance to serve as the representative distance between
the classes. The training of weights on the distancés o®UT or
MIXED histograms is done as follows:

1. Build IN, OUT andMIXED histograms of training models;



2. Compute distances between all pairs of training models; 1. Sample and construct shape distribution histograms $om

3. Select, using the categories, lah OUT or MIXED distance 2. Compute théN, OUT andMIXED distances in between the
for each pair of training models as the representative dis- query model and all training models;
tance; 3. Compute the distance in between example models and query
4. Normalize the frequencies &¥l, OUT or MIXED distances model by scalindN,OUT andMIXED distances with distri-
to be the weights. bution differences and weights tripletw , Wo 1, Wy xgp >
Three distancesN, OUT andMIXED, are calculated for each pair 4. Select the nearektexamples for classification.
of models. From each triplet of distances, only one suitable repre-
sentative distance is selected for computing weights: Example.The Socket2 part is a minor variation on Socket1, shown
« If two models fall into the same category, select the shortest in Figurdd Shape distribution histograms are constructed for Socket2
distance amongN, OUT andMIXED; and compared to histograms of the training models. Representative
o Otherwise, select the longest frdid, OUT andMIXED. distances are compute with weightswy, Woy 1, Wyxgp > as

The sampling frequencies B, OUT andMIXED reflects the chance shown in Tabl&l Query model Socket2 is_ considere_d to _be closest
of the respectivéN, OUT, andMIXED histogramL, distance be- to example query models Socketl and SipeSocket in this dataset.

ing appropriate for use in an aggregate distance computation. The . _ _
weight triplet< w,y ,Wo 1, Wyixep > IS derived as: ‘:\&\\Q AN A N
4 “\\ SV N\ J 7N
,i € {IN,OUT,MIXED} 21.7% 5.6% 72.6%

Wi = AN T #OUT + #MIXED’

Hence, different weight triplets are produced for each category.
When computing the distance in between a query model and a

Figure 4: Socket2 with shape distribution histograms.

.. . . o Category Part Distance
training model, the weight triplets that correspond to the training Wheel Mazewheel 90.05
model’'s category is used to scale the distance betilde®@UT Unter2 39.1
andMIXED histograms. Sockets si)zcskc?iet g-gg

Category Part #IN | #OUT | #MIXED Housing ] Part03_ 73.9
Wheel Mazewheel 1 1 3 SimpleBoeing 60.48
Unter2 1 0 4 .
Sockets Socketl 0 0 5 Table 5: Distances between Socket2 and example models.
SipeSocket 0 0 5
Housing Part03 1 0 4 e
SimpleBoeing| 1 1 3 4.3.1 Classifying Query Models

The classification of the query modsglis the ultimate goal. The
k closest example models are used to increase the robustness of the
classification and reduce the effect of possible outliers or noise in
the example model. Based on the categories okthearest exam-

Table 2: Frequencies ofiIN, OUT and MIXED being selected as
the appropriate distances.

C\;avtﬁg;ry oy} T | Mo ple models, the query mods| is classified by a locally weighted
Sockets | 0 0 1.0 function provided tokNN learning algorithm, in our work either
Housing | 02 | 01 | 07 Majority andGaussian Kernel Regression

Table 3: Weights of IN, OUT and MIXED for example dataset. TheMajority method returns the majority of categoriesofear-

. ) ) est training examples neighbors as the classificationk &dample
Examp‘l‘e.The frequencies and weights of a set of mechanical nejghhors “vote” for their classification and the classification with
parts for “Wheels”, "Sockets” and “Housings” categories are shown he highest votes will be returned as the classificatios;oGaus-
in Tableland Tablg Recall that both average and scaled distance gjzn Kernel Regressioassigns weights to thie nearest example
functions returned parts frofdousinggroup as the nearest to the neighborss,, according to a Gaussian kernel functidd(k;,sq) is

Mazewheel part which, instead, belongs to ¥Wheelgroup. The the distance between example mogeind query modedy, with a
weight triplet < wy, Woy 1, Wyixep > revises distance between  giandard deviation is:

Mazewheel and Part03 to be 39.1 and distance between Mazewheel

2
and Unter2 reduces to 33.9. Distances of other parts are shown in 1 e—@
Tabledl Using < wy,Wout:-Wyixep > favors theMIXED dis- vano

tance and decreases the influenc®bfT distance which scale up
the largest differenc®IXED between Mazewheel part and Part03
yet suppresses the largest differer@&IT for Unter2.

The category with the highest accumulated weight is returned as
the classification o%;.

Part Average | Scaled | Revised Example. Fork = 3, the categories of the 3 closest example mod-
Unter2 39.9 | 12291 339 els to Socket2 were considered to the classification of Socket2. The
Socket1 65.2 | 2325 | 781 L -

SipeSocket | 672 | 2325 77 standard deviation of models, 28.5, was used as the standard devi-
~ Part03 29.2 97.63 | 39.1 ation in the Gaussian function. From Talfflédooth Majority and
SimpleBoeing| 34.4 | 11044 37.1 Kernel Regression classifications returned Sockets to be the cate-

Table 4: Revised distances in between Mazewheel part and  9gory of query model Socket2, which is obviously correct.
other example models.

5. EXPERIMENTAL RESULTS

4.3 kNN Classification This method has been implemented in Java/Perl and executed on
Given the set of training models and the set of weight triplets, Solaris platforms. Experiments were conducted using mechanical
one can accept and classify new query instanggs, part data from the National Design Repositont://www.
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Category | Example | Vote G(x)
Wheel Unter2 1 0.007 been applied to a large, heterogeneous CAD model database—The
Total 1 | 0007 National Design Repository—to learn and adapt it to various cate-
Sockets Socketl 1 0.123 L .
SipeSocket| 1 | 0.129 gorization and brows'lng schemgs. .
Total 2 | 0.0252 There are several issues for discussion and future research. Clearly,

the performance dfNN classifier depends on the quality of train-
ing examples. This paper simply uses random selection—with more
) ] - ] experience, we hope to identify how to select training data to max-
designrepository.org ). Specifically, we illustrate how one jmize discrimination abilities. Additionally, while our initial suc-
can create classifiers using two different sets of mechanical CAD ags rates of 70%-80% and above seem low, they are in line with
models under two different classification schemes: expected results for use kIfIN in this context and certainly consid-
o Classify models based on appearance or functionality; erably higher in information content than just random assignment.
o Classify models based on general manufacturing properties. Our subsequent experiments suggest that success rates can be im-
Both datasets were initially classified by hand and training exam- proved above 85%-90% using this technique. With refinement, we
ples were randomly selected based on this classification. The objec-hope that eventually users will be ti@in a retrieval system to rec-
tive was to see if the system could learn weights from the training ognize arbitrary categories.
examples and then classify the non-training examples in a manner

ggresg;et:‘t,‘/’}"th th‘fjg;mﬁ‘rg C:)assitso'f'citr'olns'@gée“ models are avail- A cynowledgmentsthis work was supported in part by NSF
p-IWWW.desIgnrepository.org CAREER Award CISE/IIS-9733545, ONR Grant NO0014-01-1-
0618, Honeywell FM&T and Lockheed Martin. Any opinions,

) A ; ) findings, and conclusions or recommendations expressed in this
were first manually classified into 12 categories according to the \aterial are those of the author(s) and do not necessarily reflect

general properties of shape or function for the models. K the views of the NSF or the other supporting organizations.
classifier was trained using a subset of the models and then used

to classify the remaining ones. The number of training examples
per class was chosen proportional to the size of the class. The clas-7' REFERENC_E_S ) o o
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