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Accommodation problem in Anthropometry and
Ergonomics

The accommodation is the process of mutual adaptation between persons.

Products intended to fit the users must be designed considering their size
and shape → Generation of several representative human models.

The human models represents the anthropometric variability of the target
population.

The appropriate selection of this small group is critical.

If the hard to fit extreme individuals are previously identified, the time
and cost of the design process is reduced.
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Usual approaches

Percentile analysis: Traditional method used.

Drawbacks: Univariate approach. They are not additive.

(Image taken of Robinette et al. (1981))
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Regression: An alternative to approximate a percentile person.

The predicted numbers are additive.
Drawback: It only provides average values for the predicted
measurements.

Principal component analysis (PCA):

It considers the first PC
and selects several extreme points
in an ellipse (or circle) which covers
a certain percentage of the data.

Drawbacks: Part of the data variation
is removed. The number of cases would
increase if we wanted to consider more
variation.

Our proposal: ARCHETYPAL ANALYSIS (AA) (Cutler et al. (1994)).
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What’s an archetype?
Statistical definition of archetype

In our everyday language...
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What’s an archetype?
Statistical definition of archetype

But in Statistics???

AND:

Source: Paquet, E. Exploring Anthropometric Data Through Cluster Analysis.
Published in Digital Human Modeling for Design and Engineering (DHM). June 15-17,
2004. Oakland University, Rochester, Michigan, USA. NRC 46564.

An archetype is not a prototype!!!
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What’s an archetype?
Statistical definition of archetype

Statistical definition of archetype

Let be an n ×m matrix X, multivariate database.

The AA aims at obtaining the n × k matrices α and β which minimize:

RSS =
n∑

i=1

‖xi −
k∑

j=1

αijzj‖2 =
n∑

i=1

‖xi −
k∑

j=1

αij

n∑
l=1

βjlxl‖2

under the constraints

1)
k∑

j=1

αij = 1 with αij ≥ 0 and i = 1, . . . , n =⇒ x̂i =
k∑

j=1

αijzj

2)
n∑

l=1

βjl = 1 with βjl ≥ 0 and j = 1, . . . , k

ARCHETYPE: extreme member of the data set that is a mixture of the

actual data points: zj =
n∑

l=1

βjlxl

Archetypes can be computed with the R package archetypes.
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Archetypal analysis vs PCA
Archetypoid analysis

Archetypal analysis vs PCA

The goal of AA is to obtain extreme individuals.
The level of accommodation is reached with AA.
Archetypes cannot be obtained with PCA.
The number of archetypes can be decided by the user or by a criterion.
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Archetypoid analysis

The archetypes do not correspond to observed individuals:

zj =
n∑

l=1

βjlxl with
n∑

l=1

βjl = 1 and βjl ≥ 0

In some cases it is critical that the archetypes are real subjects.

So far the nearest individuals to archetypes are computed in two ways:

1 nearest: Subjects who have the closest dE to archetypes.
2 which: Subjects with the greatest α for each archetype.

The identified archetypes can be artificial: “no economist in our sample
fits this archetype to 100%” (Seiler et al. (2013)).

A new archetypal concept is proposed: the ARCHETYPOID:

zj =
n∑

l=1

βjlxl with
n∑

l=1

βjl = 1 and βjl ∈ {0, 1}

An archetypoid is a real observed individual.

The archetypoids might not be the same as the nearest/which.

The archetypoids always exist even when the features are unavailable.
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Archetypal analysis vs PCA
Archetypoid analysis

An algorithm inspired by PAM is developed to compute archetypoids:

1 An initial vector of archetypoids is obtained (nearest/which).
2 The initial vector of archetypoids is attempted to be improved.

Cases of study:

Sportive example Clothing design problem

1 NBA database: Total minutes played and field goals made of 441
players, season 2009/2010.

2 Spanish 3D anthropometric survey: 10415 women (12-70 years old).
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Archetypal analysis vs PCA
Archetypoid analysis

Archetypal players of Eugster (2012)
Name Total minutes Field goals

124 Kevin Durant 3241 794
243 Jason Kidd 2883 284
236 Dwayne Jones 7 0

Archetypoid players of our proposal
Name Total minutes Field goals

124 Kevin Durant 3241 794
243 Jason Kidd 2883 284
113 Travis Diener 50 2

Kevin Durant: Good scorer.

Jason Kidd: Other role.

Dwayne Jones
& Travis Diener: Benchwarmers.
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Archetypal analysis vs PCA
Archetypoid analysis

n=470 women, age ∈ [25,45] y., bust ∈ [86,90[ cm.

High variability of body shapes.

Archetypoids to identify subjects with fittings problems.

Let D be a n × n matrix where dij is the distance between womens i and j .

Compute cMDS where m is the dimension of the space which the data are to be
represented. We choose m = 4 as the first integer for which the good of fit
(Mardia et al. (1979),eq. 14.4.8) is greater than 90%.

Compute the archetypoids of the resulting n ×m matrix X.
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Archetypal analysis vs PCA
Archetypoid analysis
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Conclusions

A new proposal for the accommodation problem.

Advantages of the archetypal analysis regarding PCA.

New archetypal concept: the archetypoid.

Algorithm to obtain archetypoids.

Advantages of archetypoids regarding archetypes.

All the R code is freely available from my website:
http://www.uv.es/vivigui/software.html

It also belongs to an R package hopefully soon available from CRAN.
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a b s t r a c t

This paper is concerned with apparel sizing system design. One of the most important issues in the appa-
rel development process is to define a sizing system that provides a good fit to the majority of the pop-
ulation. A sizing system classifies a specific population into homogeneous subgroups based on some key
body dimensions. Standard sizing systems range linearly from very small to very large. However, anthro-
pometric measures do not grow linearly with size, so they can not accommodate all body types. It is
important to determine each class in the sizing system based on a real prototype that is as representative
as possible of each class. In this paper we propose a methodology to develop an efficient apparel sizing
system based on clustering techniques jointly with OWA operators. Our approach is a natural extension
and improvement of the methodology proposed by McCulloch, Paal, and Ashdown (1998), and we apply
it to the anthropometric database obtained from a anthropometric survey of the Spanish female popula-
tion, performed during 2006.

� 2012 Elsevier Ltd. All rights reserved.

1. Introduction

The development of ready to wear (RTW) cloth requires an esti-
mation of body measures of the target population to generate siz-
ing charts, patterns on a basic size and grading parameters.
However, most apparel manufacturers create and adjust their
own size charts by trial and error using small customer surveys,
mainly models representing the basic size, plus analysis of sales
and returned merchandising reports (Chen et al., 2009b). Never-
theless, the growing relocation of the pattern and production activ-
ities and the poor level of application of sizing standards are
producing one of the main clothing complaints: the lack of fitting.

There are several local and international standards proposing a
regulation of the sizing system based on key anthropometric
measures, but the lack of common rules and criteria is one of the
drawbacks for their implementation. In this context, ’vanity sizing’
grows as a common practice among clothing companies. With this
strategy, companies often adjust the measurement specifications
for each size based on a sale strategy designed to make consumers,
especially women, feel better about fitting into smaller sizes (Fan,
Yu, & Hunter, 2004, 2007), and therefore prompting them to buy
more. The method we propose is aimed at helping difficult

customers to find the correct size in different companies. In fact,
nowadays, the correct size selection is the main obstacle to large
scale online garment sales because it is difficult to find the fit gar-
ment from the general size information.

A sizing system classifies a specific population into homoge-
neous subgroups based on some key body dimensions (Chunga,
Lina, & Wang, 2007). The major dilemma is to decide into how
many size groups should the population be divided, in order to
optimize benefits and user satisfaction. Most of the standard sizing
charts propose sizes based on intervals over just one anthropomet-
ric dimension. Current standards consider the low correlation be-
tween some key dimensions and use bivariate distributions to
define a sizing chart and cross tabulation to select the sizes cover-
ing the highest percentage of population. For lower limb garments,
European Committee for Standardization (2002) propose the com-
bination of three anthropometric dimensions (waist girth, hip girth
and stature) leading to a significant increase of the number of sizes.
This decreases the profit for the companies since they have to reor-
ganize their production lines and make them more complex. More-
over, correlations between anthropometric measures show a great
variability on body proportion. It is not possible to cover so differ-
ent body morphologies with these kind of models. That is why,
multivariate approaches have been proposed to develop sizing sys-
tems. Principal components are often used to reduce the dimen-
sion of anthropometric data sets, and the two first principal
components are used to generate bivariate distributions (Chen
et al., 2009; Gupta and Gangadhar, 2004; Hsu, 2009a, 2009b; Luxi-
mon, Zhang, Luximon, Xiao, 2011; Salusso-Deonier, DeLong,
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SECOND REVISION
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Example of a which vector of archetypes

Name Archetype 1 Archetype 2 Archetype 3

124 Kevin Durant 1.00000 0.00000 0.0000
243 Jason Kidd 0.06203 0.00000 0.93788
236 Dwayne Jones 0.00000 0.99997 1.5589e-14

Each αij is the weight of the archetype j for the individual i, that is to say,
the α coefficients represent how much each archetype contributes to the
approximation of each individual (as convex combination).

This allows the assignment of the observations to their nearest archetypes
and, consequently, the identification of the most archetypal
observation(s).
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Misclassification error

Let X be a image raster. A binary image b is identified with a subset B ⊆ X ,
B = {x ∈ X : b(x) = 1}.
Let A and B be two binary images associated to the trunk of two women and
defined in a lattice Λ.
There are several metrics for measuring the differences between A and B.
We use the simplest one, which is the misclassification error:

d(A,B) =
nu(A∆B)

nu(Λ)
, where ∆ is the set symmetric difference and nu

counts the number of pixels in that set, that is to say, the volume of the set.

Set symmetric difference: Set of elements which are in
either A or B and not in their intersection.
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