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Abstract. In Ergonomic product design, designers need to translate anthro-
pometric data of the target population into product dimensions or sizing sys-
tems. Currently, sizing systems are often based on traditional anthropometric
data and generally use the variation of one or two key body dimensions directly
related to the product. For products that need to closely fit a certain part of the
body it is relevant to incorporate multiple key dimensions. This can be realized
by a multivariate approach such as a Principal Component Analysis. Over the
past decades, there has been an increase in incorporating 3D imaging in
anthropometric surveys. In order to integrate the use of 3D anthropometry in
product sizing, representative models are used to visualize the variability of the
target population. For the development of a ventilation mask for children, this
study compares representative models of 3D faces based on a bivariate, multi-
variate and shape based analysis of 303 children’s faces.

Keywords: 3D anthropometry - Children - Ventilation mask
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1 Introduction

One of the challenges a designer faces when designing a product for people where a
good fit is essential, is translating anthropometric data of the target population into
product dimensions or a sizing system. Currently, sizing systems are often based on
traditional anthropometric data and generally use the variation of one or two key body
dimensions directly related to the product [1, 2]. This information is usually presented
in tables or scatterplots but rarely represents the complexity of the human form.

For products that need to closely fit a certain part of the body it is relevant to
incorporate multiple key dimensions. This can be realized by a multi variate approach
which maps the variation in these dimensions in order to generate a sizing system. The
most common approach is conducting a principal component analysis (PCA). A PCA is
often used to analyse anthropometric datasets in order to discover trends in the vari-
ation of multiple dimensions [2—4].
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Recent developments in the field of 3D imaging have resulted in an increase in the
incorporation of 3D scans in anthropometric surveys [5, 6]. The richness of 3D data
makes it possible to visualize complex results from anthropometric analysis. By gen-
erating 3D models, that represent the variability of the target population, this infor-
mation becomes more understandable for designers [7]. In addition, designers can then
easily utilize these sets of 3D models in their design process, especially with the use of
computer aided design (CAD) programs.

In order to develop a ventilation mask for children, this study compares repre-
sentative models of 3D faces based on bivariate, multivariate and shape based analysis
of 303 children’s faces, aged 0.5 to 7 years. These results are discussed with regard to
the implication for the sizing of the mask and more generally the added value of these
methods for designers.

2 Method

2.1 Children’s Heads and Face Dataset

The analysis was based on the existing dataset of 303 children’s head and faces. The
dataset was acquired by combining traditional and 3D scan extracted anthropometric
information [8]. Participants were Dutch children aged from 6 months to 7 years old
and included 174 males and 128 females of mixed ethnicity. The heads and faces of the
children were captured from four angles (front, 45° to the left and right, and the back)
using a 3dMD face scanner (3dMD Ltd., London UK). The scans were subsequently
combined into a 3D scan of the complete head with Artec Studio 9 software (Artec
group, Inc., Luxemburg). 19 anthropometric landmarks were defined on the scan and
based on these landmarks, 13 facial dimensions were extracted (Fig. 1) by calculating
the Euclidian distances between the landmarks (MATLAB™).

Fig. 1. The landmarks defined on the 3D scan; 1. glabella 2. sellion 3. pronasale 4. subnasale 5.
Sublabiale 6. Pogonion 7. Menton 8/9. Nasal root point (right/left) 10/11. Endocanthion
(right/left) 12/13. Infraorbitale (right/left) 14/15. Tragion (right/left) 16/17. Alare (right/left)
18/19. Cheilion (right/left) [8].
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2.2 Template Registration

In order to develop representative models based on the sample, the individual 3D scans
needed to be registered. This means that each 3D scan needs to have the same number
of vertices at corresponding anatomical locations and a consistent mesh topology. The
3D head scans were registered by using a hybrid template registration method. The
template registration was conducted on the face area only. For a more detailed
explanation of the method please refer to Lee et al. [9].

2.3 Development of Face Models with Mask Contours

First, an average face was generated based on the complete set of template registered
models (Fig. 2). Next, a mask contour was projected on the average face as shown in
Fig. 1. The contour was drawn through the sellion and promentale landmark and
passed both the left and right chellion landmark laterally with a 10 mm distance to give
an approximation of the contact area of the face and mask. Finally, the contour was
projected on each individual registered template through vertex correspondence.

Fig. 2. The template-registered mean face model with the mask contour projection

2.4 Statistical Analysis of Key Dimensions

Traditionally, a sizing system is based on one or two relevant key dimensions of the
targeted population that are directly related to product dimensions. In previous
research, face length and mouth width were considered to be related to the fit of a
medical aerosol mask for children [10]. A scatterplot was generated based on sellion-
promentale length and mouth width in order analyse the distribution.

Multivariate approaches in sizing system development are often used to incorporate
more than two relevant dimensions in order to get an even more representative dis-
tribution of the data. A principal component analysis was performed on 9 facial
dimensions that were considered relevant to mask design based on previous research
namely, face length, sellion-promentale length, nose bridge length, mouth width, nose
protrusion, nasal root breadth, nose breadth, interpupillary distance and face width [4,
10, 11]. A scatterplot was generated based on the scores for the first and second
principal component. The component scores were calculated as follows:



1358 L. Goto et al.

PC1 = 0.623 x (face width) + 0.907 x (face length) + 0.852 x (sellion-promentale
length) + 0.818 x (inter-pupillary distance) + 0.636 x (nasal root width) + 0.773 x
(nasal bridge length) + 0.754 x (nasal tip protrusion) + 0.728 x (nose width) + 0.647 x
(width of mouth).

PC2 =0.312 x (face width) + —0.323 x (face length) + —0.388 x (sellion-
promentale length) + 0.289 x (inter-pupillary distance) + 0.466 x (nasal root
width) + —0.459 x (nasal bridge length) + —0.188 x (nasal tip protrusion) + 0.165 x
(nose width) + 0.411 x (width of mouth).

2.5 Shape Based Analysis

A principal component analysis was conducted on the face mask area in order to
develop shape based RFM’s. The face mask area is the area of the template registered
face that falls within the mask contour. The principal component analysis was con-
ducted on the vertices of the mesh of the face mask area. The first and second principal
component scores were extracted and plotted. The results of the shape based PCA are
visualised in Fig. 3.
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Fig. 3. Visualization of the first two principal components showing the average (middle),
—3 (left) and +3 (right) standard deviations of the respective PC.

2.6 Clustering and RFM Development

Clustering methods have been used to determine product sizes in previous work [10,
12, 13]. A K-means clustering method was utilized (SPSS version 22) in order to divide
the sample into four clusters that represent the variation of the childrens faces. This was
both done for the bivariate and the multivariate distribution. For the bivariate distri-
bution, the input variables were sellion-promentale length and mouth width. The input
variables for the multivariate and shape based distribution were the first and second
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principal component scores of the PCA. Finally, mean representative face models were
generated for each cluster for each method (Python and Visualization toolkit (VTK),
Kitware Inc.).

2.7 RFM Comparison

In order to analyse the representativeness of each RFM for each cluster and per method,
the mean distance between the vertices of the RFM and all the members within the
same cluster was calculated and subsequently visualized.

3 Results

3.1 K Means Clustering and RFM’s

The bivariate, multivariate and shape based distributions are shown in Figs. 4, 5 and 6.
Within each distribution the clusters are indicated and the RFM’s are displayed.
Tables 1, 2 and 3 show the number of participants assigned to each cluster per method.
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Fig. 4. Scatterplot of Mouth Width against Sellion-Promentale length divided into four clusters.
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Table 1. Number of participants in each cluster based on two key dimensions.

Number of cases in
each cluster

Cluster | 1 77
2 54
3 115
4 55
Total | 301
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Fig. 5. Scatterplot of key dimension based Principal Component 1 against Principal Component
2 divided into four clusters and the RFM’s.

Table 2. Number of participants in each PCA based cluster.

Number of cases in
each cluster

Cluster | 1 92
2 57
3 29
4 112
Total | 290
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Fig. 6. Scatterplot of shape based Principal Component 1 against Principal Component 2
divided into four clusters and the RFM’s.

Table 3. Number of participants in each shape based PCA cluster.

Number of cases in
each cluster

Cluster | 1 77
2 111
3 72
4 43
Total | 303

3.2 Mean Distance to RFM Within Each Cluster for Each Method

Figure 7 shows the results of the comparison between the RFM and the cluster
members. Less variation (blue) was observed in the area surrounding the sellion
landmark (nose bridge area) because the template registered faces were aligned with the
origin point at that landmark. Variation was the highest in the regions surrounding the
chellion landmarks for the smallest RFM of all three methods.
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Fig. 7. Colour map of the mean distance to RFM (mm) per cluster. High variability is indicated
by red and low variability by blue. (Color figure online)

Table 4. Overview of the mean distance (mm) between the vertices of the RFM and the vertices
of individual faces over the face mask area per method and per cluster.

Cluster Sum
1 2 3 4
Method | BIVARIATE | 2.35|2.35|2.54|2.74 | 9.98
PCA 2.36/2.30|2.16 | 2.16 | 8.98
PCASHAPE |2.10{1.93|1.98|2.15|8.16

4 Discussion

Initial, visual inspection of the RFM’s seem to indicate that for each cluster the RFM’s
are relatively similar to each other, regardless of the utilized method. When analysing
the RFM’s in further detail, small differences could be observed. For the multi-variate
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and shape based RFM’s the overall shape and size changes gradually from smallest to
largest. However, for the bivariate method there appears to be a jump in the width of
the mouth from cluster 2 to 3, resulting in cluster 3 having a relatively larger mouth.
This may be due to the fact that mouth width directly influences the RFM in the
bivariate method whereas in both PCA’s the first component described the variation in
the overall size of the face and the second component was more related to the width of
the face

The comparison of each RFM to their cluster members shows that the largest
variations were observed in each of the smallest RFM’s, regardless of method. This
could be explained by the rapid growth phases that occur mostly in the first few years
of a child’s life [14] resulting in larger differences in the facial dimensions for children
within these clusters. Interestingly, the mean inter-vertice distance of the RFM for each
method (Table 4) shows that the more information is incorporated (i.e. more dimen-
sions) in the analysis, the smaller the mean distance becomes. The mean distance is
largest for the bivariate RFM and smallest for the shape based RFM’s. This indicates
that, for the latter, the shape based RFM’s is more representative for it’s respective
cluster.

Firstly, it is important to note that the number of participants assigned to each
cluster varied per method from N = 2 to N = 13, in part due to the method of clustering
but also for practical reasons as described in previous research [8]. This often occurred
in age groups one (aged 6 months to 1.5 years) and two (1.5 to 2.5 years). This will, to
a certain extent, have influenced the generation of the PCA RFM’s for the clusters that
represent the smallest children.

Secondly, it is important to note, that in this study, the distribution was divided into
four clusters. Determining the number of clusters in order to develop a sizing system
depends on the type of data, the required fit, cost-benefit, etc. and is often a combi-
nation of statistical and practical experience [2, 13]. Further research is needed in order
to determine the ideal number of clusters (sizes) for the development of the mask or any
other product for that matter.

Further study is needed in order to analyse the differences of the contours related to
the RFM’s in order to investigate the implications for the design of the mask or for the
design of other products where fit is an important factor.

At present, sizing system development based on a bivariate distribution seems more
intuitive for designers because there is a direct link between body dimensions and
product dimensions. This approach is partially based on statistics but also practical
knowledge (material properties, etc.). It is important to note however, that all three
methods use shape data to develop models rather than the classical anthropometric
approach whereby anthropometric measurements are directly translated to product
dimensions.

Even though the Multivariate approach incorporates multiple product relevant
dimensions, the outcome is not directly translatable to product dimensions. More
statistical knowledge form the designers side is needed but the development of rep-
resentative models offers a solution that can be incorporated in the design process.
A solution would be to develop a software tool which allows for this approach without
having detailed statistical knowledge.
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