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Abstract

Emphasisonthe human-to-aircraftinterfacehasmagnifiedin importanceas the
performanceenvelopeof today'saircrafthascontinuedto expand.A majorproblemis
thatthere has been a correspondingincreaseinthe needfor betterfittingprotection
equipmentand unfortunatelyithas becomeincreasinglydifficultforaircrewmembersto
findequipmentthat willprovidethis levelof fit.Whileprotectionequipmenthas
historicallyhad poorfitcharacteristics,the issuehasgrowntremendouslywiththe
recent increaseinthe numbersof minoritiesandwomen.Fundamentalto thisproblem
are the archaicmethodsforsizingindividualequipmentand the methodsfor
establishinga sizingsystem.This paper documentsrecent investigationsby the author
intodevelopingnew methodsto overcometheseproblems.Researchcenteredonthe
developmentof a new statisticallybasedmethodfor describingformandthe application
of fuzzy clusteringusingthe newshapedescriptors.A sizingsystemwasdeveloped
from the applicationof the research,prototypemaskswereconstructedandthe
hardwaretestedunderflightconditions.

Background
The US Army andAirForcehaveconductednumerousstudiesto collect

anthropometricinformationto assistin determiningstandardsizesof clothingand
protectionequipment.Ineach study,attemptsat developinga sizingsystemusing
classicalstatisticalmethodshaveconsistentlyfailed.Analystsandengineerstypically
ignorethe statisticalresultsand choosearbitrarylineardimensionsforthe designof
protectionequipmentsuchas the oral-nasaloxygenmask. In thiscase, face lengthand
widthwere chosenas primarydesignvariablesand five sizessuccessivelyredefined
throughextensivetrialand errorefforts.

Asyet, noorganizedmethodologyexiststo developa sizingsystemfor protection
equipment,!n particularoxygenmasksandhelmets.The remainderof thispaper
documentsa recentattemptto developand testsucha methodology.The paradigmis
based upona new methodto characterizefacialform andthe use of fuzzy clusteringas
an alternativeto classicalstatisticalmethodsindevelopinga sizingsystem.

Problem

The form of an objectwill referto bothsizeand shapeand is invariantunder
translation,rotationandreflection.Shape remainsinvariantundertranslation,reflection
and scalingof an object[Lele].Of interestinthisstudyis the characterizationof cranio-
facial form to assistin protectionequipmentto be womon the head and face.

The firstaspectof the problemishowto characterizethese forms in a logicaland
consistentmanner.A numberof popularmethodswere reviewedincludingprocrustes
[Lele],thin platesplines(TPS) [Bookstein],Euclideandistancematrixanalysis(EDMA)
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[Lele and Richtsmeier]and finiteelement scalinganalysis [Richtsmeier,et.al.]. All
methods currently in use depend on the existence of homologous anatomical
landmarks on both the subject and a reference form. In addition, this comparison is
based on measuring form difference as a function of deformation of the subject
landmarks to the landmarks on some reference form. Several difficulties exist with the
application of these methods to characterize facial form. First, normative models of the
human face do not exist. Second, since it was required to characterize the form of the
seal area for the protection equipment, and a unique set of anatomical landmarks could
not be constructed to describe the seal line, it was necessary to develop an altemative
method for describing facial shape and form.

The second aspect of the problem involves utilizing these form descriptors to
develop a sizing system. Conflicting objectives exist: better fitting equipment with a
minimum number of sizes. Landmark based characterization coupled with traditional
statistical techniques have clearly fallen short on both accounts, forcing designers to
bypass statistically based anthropometric methods and base design almost completely
on the artistic abilities of the designer.

New Shape Descriptor
The proposed form descriptor can philosophically be viewed as an extension of the

methods proposed by Bookstein and those proposed by Lele and Richtsmeier.
However, mathematically the new method is quite different. The basis for the method is
the development of a functional descriptor for the surface being considered.

Let the surface of interest be described by the set of points (xi ,yi ,z; ),i = ]..n. These
points are distinguished from landmarks in that there is no required association with a
particular anatomical feature. Assume that the function z(xi ,yt) = z(x) represents a
regionalized variable [Cressie]. In particular, the function will be assumed to exhibit at
least intrinsic stationarity; i.e. the first two moments are only required to be constant
over a small region and this region may be infinitely small in size and the second
moment is,not necessarily bounded.

Let h,j define the vector between two points x_,xj. Note that hUis a function not
only of the distance between the two points, but also a function of the orientation
between those points. Under intrinsic stationarity, the first two moments of the
relationship between any point and another is given by:

E[z(x+h)-z(x)]=O

V[z(x+h) - z(x)]=21,(h)
where 3'(h) is referred to as the semi-variogram function and is a measure of the
spatial independence of the two points. Ifwe restrict the first two moments to be
constantacrossthe entire regionalizedvariable (thusonly consideringthe functionto
exhibit weak stationarity), then there is a direct relationship between the variogram and
the more commonautocorrelationfunction.A number of functionalforms for 7 (h) have
been verified.One of the mostcommonisthe sphericalmodel"
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0 when h = 0

"_(h)= Co+ - whenO<h<a

Co+ C when h _>a
Define the matrix:

0 ),(ha2) ... 'y(ha,,) 1 x, y,

),(h2,) 0 ... ),(h2,) 1 x2 Y2

F= ),(h.l) ),(h,:) ... 0 1 x,, y,
1 I ... 1 0 0 0

xl x2 ... x, 0 0 0

Yl Y2 "'" Y,, 0 0 0

The best linear unbiased _redictor of any point x0 on the surface is then given by:
" T -1
Z(Xo) =1'o F z, where h_ois the variogram function between point i and the unknown
point xo = (xo, Yo) and:

_,o=[qr(hao) _,(h2o) ... 'y(h,o) 1 xo yo]r

z=[z(x,) ... z(x.) o o o]

Let K = _1, where _; is the upper nx n submatrix of F-'. The matrix K is referred
to as the energy matrix and uniquely characterizes the set of points used to describe
the subject form. The matrix is invariant to translation, rotation, reflection but remains
sensitive to scaling; required characteristics in the description of form. While unique, the
matrix typically contains a large number of features (e.g. 57x57 for the current problem).
A number of methods were evaluated to extract important information from the matrix.
The most promising method investigated was based upon spectral decomposition of
the matrix similar to the principle warps suggested by Bookstein. However, it was
expected that future application would require an automated process and therefore a
much simpler procedure was settled on.

If the matrix is treated as a two dimensional image of the surface, then classical
image processing algorithms can be applied. In this study, an energy matrix was
generated for each of the 99 subjects. A Hotelling transformation (a.k.a. Karhounen-
Loeve transform (KLT) or principle components analysis ) is applied to the entire data
set to generate an orthogonal, uncorrelated sample space. The result of the
transformation is a set of ordered features which can be used for clustering.

Fuzzy Clustering
As mentioned, the two major objectives underlying the development of a sizing

system for protection equipment are to have the minimum number of sizes possible
while at the same time maximizing the fit of the individual. Past difficulties with classical
statistical clustering using landmark data highlight the need to consider altemative
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methods to group similar facial forms. The naturaluseof linguisticdescriptorswhen
discussingthe similaritybetweenfaces begsthe applicationof fuzzy logic.

Sincethe samplesize for thiseffortwas limitedto ninety-ninesubjects,the curse of
dimensionalitywas a significantconsiderationinboththe selectionof the numberof
clustersand the dimensionof the featurespace.A numberof relationshipshave been
suggestedbetweensamplesize (N), numberof clusters(c), and numberof features (f).
A typicalrequirement[Kanel,et.al., Raudys,et.al.] isthat: c_ <_.N, where 13is some
safetyfactor.

A numberof clusteringalgorithmswere investigatedrangingfromthe recent
developmentsinadaptiveresonancetheory[Simpson]to the popularc-means
[Bezdek].The preliminaryresultsindicatedsomeminorbet afitsto usingc-means, and
thereforefuzzy clusteringwas performedto minimizethe performancefunction:

¢ n

Jm "-- EE (_'I',j)m(Xj -- vi)T A(xj -- V' )
i=l j=l

usingthe classicalc-means algorithmwitha subsetof the orderedfeaturespace
generatedby the KLT transformas input.It shouldbe notedthatthe KLT/c-means
algorithmwas also successfullyappliedto boththe EDMA andTPS shapedescriptors.

Application

Data CollectionandAnalysis
Atthe coreof the effort was the desireto incorporatenew datacollectionmethods

suchas highlyaccuratedigitaland scanninglaserbasedsystems.Figure1 depictsthe
seal lineand the additionalpointsthatwere
collectedfrom eachsubject.Approximatelythirty-
nine pointswere collectedfromthe seal linealong
withfourteenadditionalpoints.Data was collected
from a totalof ninety-ninesubjects.

Energymatriceswerecalculatedanda KLT
analysisperformed to identifya feature set. Fuzzy
clusteringwas thenperformedusingthe c-means
algorithm.Note that sincethe subjectswere
availableas plastercasts,itwas possibleto
investigatea numberof clusteringparametersand
featuresets.Clusterswere formed andthe plaster
moldswere laidoutonthe floorinthe resulting
groups.A numberof potentialformdescriptorswere
investigatedandthis immediatefeedbackwas
criticalduringthe development.Usinga samplesize
of ninety-nine,a maximumof sixclustersfromfive
features anda c-meanscoefficientof m=2 was
foundto giveconsistentresults.Figure2 depictsfrontandsideviewsof faces from
three of the six clustersthat resultedfromthe final analysis.
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Proto@peConstruction and Testing

Thosesubjectswhosefaceshad the highestdegreeof membershipineach of the
clusterswerechosenas prototypesforeach of the sizes.The data pointsfromeach of
thesefaces was inputto a computer-aideddesignprogram.The computermodelswere
subsequentlytransferredto a rapidprototypingmachineand moldsforcustommasks
output.These moldswere thenusedby the maskshopat Wright-PattersonAFB to
constructa set of custommasks.To evaluatethe fit, subjectsfromfour different
clusterswere randomlychosen.However,as an extremetestof the methodology,
subjectswere chosento be at thefringeof the clusters.The table belowpresentsthe
membershipof the prototypesubjectsand the subjectsusedfor testing.

Thoseclusterswhichcontainedvery few subjectswere notevaluatedin the fit test
sinceitwas obviousfrom the datathat a goodfit was goingto be achievedfor all
membersinthoseclusters.

Cluster Center Subject' Membership Test Subject iembershil_
986 0.92 o02s 0.84

2 0027 0.96 - -
3 0011 0.94 2024 0.89
4 0035 0.91 - -
5 1980 0.93 1958 0.88
6 1918 0.99 1981 0.93

Illl J .ill= II Ill III III I I III1|1 I

Table 1. Centroids and Survey Subjects

Results

The prototypemasks were distributedto surveysubjectsand tested in either actual
or simulatedpositivepressureflightconditions.The resultsof the surveyfrom the fit
testingwere mixedbutnotunexpected.One surveysubject(0025) refusedto retum her
maskbecausethe fit was so muchbetter thanher previouscustommask.Alternatively,
onesurveysubjectmaskwas unusabledue to excessiveleakage.Othersurvey results
fellabout the average. In reviewingthe dataassociatedwiththe originalclustersitwas
concludedthat due to the disparityinthe numberof subjectsin eachcluster,the degree
of membershipwas not initselfan accuratemeasureof fit;again the curseof
dimensionalitybecomesan issue.Thisproblemis expectedto resolveitselfas more
data becomesavailable.
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Figure 2. Three Typical Centroids (Front and Side Views)
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