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Abstract

Traditionally, computer manikins are used to convert the anthropometric data into more usable form
for industrial application. Several product design software offer the option for creating digital manikins,
for example, RAMSIS, CATIA, UGS, DELMIA, etc. These software make use of various boundary
manikin methods such as multi percentile approach, central region boundary approach, Principal
Component Analysis, etc. to create digital models.

The anthropometric data for Indian population has been largely missing. Efforts have been
undertaken by various academic institutions in India to collect this data over last several years. With
the boom in the automotive industry, demand for collection of statistically robust anthropometric data
has arisen from different segments of the industry. To meet this requirement, the Automotive
Research Association of India (ARAI) undertook a 3D whole body scanning survey in India. In this
survey, data of more than 5600 volunteers has been collected. This is the first 3D whole body survey
conducted in India.

The research aims at reviewing different concepts of digital human modeling and applying a suitable
manikin generation technique to the anthropometric data generated by the SIZE INDIA survey. No
such effort has been made before to convert this data into digital human models, in India.
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1. Introduction

The study of anthropometry is the study of human body measurements to assist in understanding
human physical variations and aid in anthropological classification. Anthropometry refers to the
measurement of the human individual. It has been used for the purposes of understanding human
physical variation. Anthropometry plays an important role in industrial design, clothing design,
ergonomics and architecture where statistical data is used to optimize products. Ergonomic design
uses anthropometric data to ensure that the equipment and surrounding environment fits the person.
For this purpose it is important to have details of dimensions of appropriate body parts.

3D anthropometric data, obtained using 3D imaging technologies, provide detailed shape information.
In addition, traditional measurements can also be extracted from the 3D models. Therefore, 3D
anthropometric data offers an opportunity to improve the quality of the design models and, at the
same time, maintain the simplicity of the traditional design schemes where key body dimensions are
used.

The principle that a product should be comfortable to use for the user is the most universally
employed concept in ergonomics. If a product is to be used by only one user, careful measurements
of that person's body will yield appropriate dimensional specifications for that product. However, in
various fields, where a single product must accommodate a large percentage of the population, the
constraints on the design values are usually imposed by the desire to accommodate a sufficient range
of the population on the anthropometric measures [1].

2. Objective: Defining Digital Human Models (DHMs) for Indian anthropometry

An anthropometric model is characterized by the exterior skin model that gives it a realistic
appearance as well as by the interior skeletal model. The task of this interior model is to represent all
postures and motion functions of the human body using as few joints as possible. However, due to
recent improvements in computing capabilities, this restriction disappears more and more, favoring a
realistic representation of the functionality of the skeleton. Nowadays even the skeleton can be
displayed in a realistic form. The interior model serves as a framework for the exterior features
connected to it. Whether they are statically or elastically connected is determined by mathematical
algorithms.
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A special challenge for anthropometric human models is the correct representation of body parts,
focusing on mutability and reach spheres. A simple transfer of values from anthropometric tables
generated by conventional measuring methods does not yield the desired results. Most of the models
developed in the past used anthropometric measures from tables which had to be adapted to the
necessities of the DHMs. In fact, conventional anthropometric data are derived from bone to bone
measurements and therefore need to be modified for existing models [2].

Three-dimensional manikins are also known as Digital Human Models. These are software
representations of humans that enable designers to visualize the effectiveness of a design before a
physical prototype is constructed. The DHM programs can be used to assess many design concerns.
For example, automotive companies can utilize DHM to examine if the current seat adjustability will
allow a wide range of users to reach all of the needed controls. Being able to do all of this on a
computer rather than using a physical prototype, results in faster, higher quality, and more accessible
designs that also lower cost. Various software like CATIA, UGS, DELMIA, JACK, RAMSIS,
SAFEWORK can be used to create digital manikins. Digital human models make use of the boundary
manikin concept, where statistically extreme cases are used to represent the less extreme cases of a
certain population.

Various studies have been undertaken related to Indian anthropometry in fields like history and
classics, nutrition, agriculture machinery design, and physical anthropology [3,4,5]. An anthropometric
database created by the DRDO (Defence Research and Development Organisation) consisted of
anthropometric dimensions of mainly personnel from the Indian armed forces. This database was
created to be used in the design of clothing and personal warfare equipment. Another database of the
anthropometry of Indian women was generated to be used in the ergonomic designing of workspaces,
seats, controls, etc. for the reference population. This study consisted only of the Indian women aged
12-20 [6].

Recently, the Automotive Research Association of India has launched a project on the anthropometric
size measurements of the Indian population, using 3-D whole body scanner technology. Under this
project, anthropometric measurements of around 5600 people in India have been taken. This
technology has been used in India for the first time to assist the taking of automatic anthropometric
size measurements of human subjects in a very short duration. A digitized 3-D image of human body
is created and a post processing software helps in extracting more than 150 different dimensions from
the scanned image. Such anthropometric data is of great use for various industrial design activities
like automotive interior design, occupant cabin design, readymade garment design, shoes and helmet
design, 3-D computer games/animation and many more applications.

3. Literature Review

A special challenge for anthropometric human models is the correct representation of body parts that
focus on mutability and reach spheres, and represent entire population of users by a family of
manikins referred to as boundary manikins. A simple transfer of values from anthropometric tables
generated by conventional measuring methods does not yield the desired results [2]. Various
mathematical techniques are used in the generation of boundary manikins. Some of these are the
percentile approach, Principal Component Analysis (PCA), and the confidence ellipse method.

3.1. Percentile approach

In the percentile approach, the key dimensions are set to a specific percentile value. This approach
forms an imaginary square accommodation region (for two dimensions) formed by the respective
confidence intervals for each dimension separately. The results obtained through univariate analysis
when compared with those of multivariate analysis, demonstrate that application of univariate analysis
to a multivariate problem leads to misleading results and poor estimates of accommodation. It has
been found that approximately only 85% of the individuals are enclosed by the square area for a 90%
desired accommodation level (dimensions are set between 5 percentile and 95 percentile) [7].

3.2. Principal component analysis

Another technique called Principal Component Analysis (PCA) identifies the direction of maximum
variance amongst a set of dimensions [8]. It can be used to identify the underlying basis of variability
within the anthropometric factors considered. PCA re-expresses data along new orthonormal bases
[9]. The first few principal components capture the maximum variability if the data are highly
correlated. It is a data reduction procedure that can greatly simplify the use of a test sample for
accommodation or design studies by reducing the number of dimensions of a hyper-ellipsoid.
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Boundary case methods often use PCA which makes it possible to reduce the dimensions of the
problem without much loss of the variance of the analyzed data. It includes manual analysis at the
critical stage of reducing dimensions.

3.3. Confidence Ellipse Method

The confidence ellipse method is based on the idea that the people imposing the least design
requirements are located in the centre of the entire population distribution. In the one dimensional
situation the optimum population subset is contained in an interval centered at the mean value and
containing the required percentage of the entire population. The optimum test individuals are the
people located at the end points of the interval. The above idea can be extended to multi-dimensional
case, where the simultaneous probability distribution of the key variables has an elliptical shape. The
size of the ellipse can be varied to accommodate any desired percentage of the entire population [10].
This method is used for defining appropriate boundary manikins according to the selected key
dimensions under desired accommodation level, which is represented by the confidence region.

The confidence ellipse method makes use of the eigenvalues and eigenvectors of the covariance
matrix to determine the confidence ellipsoid and the boundary manikins. The lengths of the axes of
the ellipsoid are proportional to the eigenvalues, and the eigenvectors give the directions of these
axes. The boundary manikins obtained by this method are located at the end points of each of the
axes of the confidence ellipsoid, and one at the centre of the ellipsoid i.e. mean. Thus, the number of
boundary manikins is given by —

n=2p+1 Q)

4. Methodology

The Indian anthropometric data of only male population was used for analysis. The various
parameters relevant to vehicle seat accommodation are listed in table 1. Figure 1 shows some of the
seat design parameters and the corresponding shortlisted anthropometric parameters.

Table 1. Design parameters and corresponding anthropometric measurements.

Design Parameter Anthropometric measurement

Cushion width Hip breadth (sitting)

Cushion length Buttock-popliteal length

Seat height Popliteal height

Backrest width Biacromial breadth

Backrest height Shoulder height (sitting)

Head clearance Sitting height erect

Vision Eye height (sitting)

Reach

Shoulder-point dactylion height, Elbow grip length, Forearm fingertip length

Steering clearance

Knee height (sitting)

Body dimension

Stature, Shoulder height (standing), lliac spine height (standing)
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Fig. 1. Seat parameters and related anthropometric dimensions.

This data of the shortlisted parameters was converted into their z-scores, since this helps in giving
each distribution the same significance in the calculations [11]. PCA was applied to this standardized
data. MATLAB® software was used for the computations and the results obtained are shown in figure
2. Figure 2 shows the variances in data accounted for by the principal components, in a cumulative
order, starting with the principal component accounting for the maximum variance and with
subsequent principal components with decreasing variability. The results show that, in order to
achieve 90% accommodation level (variance in the data), 7 principal components have to be
considered.

Columns 1 through 2

0.5764 Q.7izz2 0.7905 0.8325 0.8666 0.897a6 D.9241 D.94966 D.9626
Column= 10 through 14
0.9749 D.9854 0.9936 0.9989 1.0000

Fig. 2. Cumulative variances for the fourteen principal components.

The shortlisted anthropometric dimensions were classified into independent and dependent
parameters, shown in table 2, and the dependent parameters can be calculated by regression. The
root mean square error values (RMSE) are also listed in table 2, and they were found to be within
reasonable limits. Hence, the regressed values can be considered to be fairly accurate.

Table 2. Dependent and independent parameters.

Parameters Derived from Root Mean
Square Error
lliac spine height (standing) Stature 3.37%
Shoulder height (standing) Stature 1.22%
Knee height (sitting) Popliteal height 3.07%
Elbow grip length Forearm fingertip length 3.69%
Shoulder Point dactylion height Forearm fingertip length 3.43%
Eye height (sitting) Shoulder height (sitting) 2.73%
Sitting height erect Eye height (sitting) 1.75%

168



Asian Workshop on 3D Body Scanning Technologies, Tokyo, Japan, 17-18 April 2012

After choosing the seven independent dimensions, PCA was performed on this data. Figure 3 shows
the eigenvalues and cumulative variances for the seven principal components. It can be seen that,
even for seven basic parameters, five principal components have to be considered if 90 percent
accommodation level is needed. The eigenvalues indicate the magnitude of variability for the
corresponding principal component.

EIGVALZ1Za =

L6311
.3572
L6473
L4562
L4168
.3380
1533

[ R s T e e T s B ¥}

>> cumsum(var (PRINSCC212a)) / sum(var (PRINSC0Q212z))
ans =

0.5187 0.7126 0.8051 0.8703 0.9238 0.9781 1.0000

Fig. 3. Eigenvalues and cumulative variances accounted for by the principal components.

In case of three principal components (3-dimensional space) the boundary manikins that have to be
taken into account are as follows — two at the extremes of each axis (3 x 2 = 6), four on each plane (3
x 4 =12), and one in each quadrant (8 x 1 = 8). Thus, the total number of boundary manikins is 26
[12]. Using the same principle, for five principal components (5-dimensional space), the number of
manikins to be considered for a given design application is equal to 62. Creating so many manikins is
not pragmatic. Hence, the confidence ellipse method was applied to the seven independent
parameters listed in table 2. Using this method, the number of manikins can be calculated by equation
1, and is equal to 15.
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Fig. 4. Eigenvalues of seven parameters.

Figure 4 shows the eigenvalues of the covariance matrix of the data. These eigenvalues determine
the lengths of the axes of the confidence ellipse. The ellipsoid whose axes are defined by the root of
eigenvalues (magnitude of length of axes) and eigenvectors (direction) represent a confidence region
of approximately 39.4%. To obtain desired confidence level, the axes have been scaled up by a factor
which is calculated using chi squared distribution and desired probability level for the confidence
region [10].

Values of the shortlisted variables for each boundary manikin, M;, which are defined as the points at
the ends of each axis (one at the positive end and the other at the negative end of the axis) were
calculated. The standardized scores of the dimensions of the key measurements of the 15 boundary
manikins are shown in figure 5.
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5. Results
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Fig. 5. Z scores of the 7 parameters of the 15 manikins.

Figure 5 shows the z-scores of the seven parameters for a total of fourteen manikins at the end points
of the axes of the confidence ellipse, and for one manikin at the centre of the ellipse. The manikins at
the ends of the axes are given by Mij: i = 1, 2, ..., p (p = number of parameters) and j = 1,2
(representing the two end points of each axis). The z-score values for the mean manikins are zero,
and the values of the manikins at the end points of the axes are mirrored about the centre i.e mean.
The actual dimensions of the manikins are obtained back from the standardized scores by multiplying
the above values by the respective standard deviations and then adding their respective mean values.
The dimensions of the manikins highlighted in blue in figure 6 (independent parameters) were
calculated by the confidence ellipse method, and those highlighted in green were computed by the
regression equations given earlier.

Thus, dimensions of 14 parameters of 15 different manikins have been found. These manikins are
boundary manikins, which are statistically extreme cases that accommodate a big part of the less
extreme population.

MANKIN VALUES M1 M2 MLooM2 L G EH ML M4 ML MR Mgl  ME Wi MR Mmezn
popliteal height 4411 42609 453421 414403 416308 dalddp 1611 411714 437178 43084 417682 39,0142 481013 376751 43350
forearm-ingertiplength  48.2372 463557 435104 510825 457308 47862 47141 474518 478625 467304 4474 461187 540703 405207 47.2965
stature 159.694 175049 166.582 168161 168.136 166507 167132 167611 162887 171.85% 170594 163749 158882 14536 157311
bizcramiz! brezdth ETA LI m ki 16826 344624 156 3183 39,1425 350025 EERRIEREE I 406775 334675 TP
shoulder heightsicting. ~ 60.6161 57.4507 §0.2529 57.8139 601537 579131 G053 57.8287 ST 653498 56,1683 613905 G654 G153 59,0334
hip breadth sitting 354475 357143 367994 344224 303616 40.8602 35.9989 35.2229 374850 337366 8378 420438 2007 119 356108
buttockpoplitesllength ~ 47.893 468873 49.0987 454815 41486 o636 SLIT8R 415015 510614 437188 519818 427504 547848 30,9953 473501
kneg heightsitting L7480 523789 54774 513501 84018 53T 43745 563792 533486 SLITSS 569029 49.2213 560779 480482 520821
flizcsping height standing 27486 S2.2074 87.0007 875753 83.0218 869541 873400 876358 347195 902565 837244 Bh.1516 100767 74.2092 1748
elbow grip length 310676 356047 EER- AV EEETI L W 362561 36.4863 367902 355521 312431 354383 413858 313565 %371
Eye Neight sitting o304 71418 160283 73603 715529 737006 763115 733193 B0.5346 BL.0%%E 719666 77.6647 82075 673562 74815
sitting height erect 875223 d4slel LINVILE Y| 70832 849552 97.4483 B45901 00202 018 B3.2081 80040 931437 788847 86,0192
shoulder heightstanding 133085 14642 139,067 140438 140504 135.002 139545 133961 135850 143647 142899 13607 158433 121073 139753
shoulder paintdactylion len, 76.2925 737156 GR.B187 0.18%4 .29 1508 ILYEI VR 157793 7142288 TeEll 7331 342815 E5.7266 15004

Fig. 6. Actual values of the parameters of the manikins.

These values were used to generate manikins in CATIA V5, and they have been shown graphically in
figure 7 in various postures. These manikins can be integrated in various virtual environments. The
different postures can be used as an aid in the design of diverse products. Thus, the manikin family is
applicable not only to vehicle accommodation, but also to a number of different designs, making
repeatability of use possible.
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Fig. 7. Visual representation of the manikins in CATIA V5.

6. Conclusion

This paper explores various methods which make it possible to represent the Indian anthropometric
data by a set of boundary manikins for the purpose of vehicle seat accommodation. The data
considered was for the male population aged between 18 and 70. A manikin can be defined better
with more number of parameters. However, with the increase in the number of parameters used for
analysis, the number of boundary manikins generated by PCA may be overwhelming. In the analysis
done in this paper, using the confidence ellipse method resulted in the creation of just 15 manikins, as
opposed to 62 manikins which would have to be generated using PCA. Since it is crucial to keep the
boundary cases to a minimum, the confidence ellipse method was used to reduce the number of
manikins considerably, without any loss in the variability. CATIA was used to generate this set of
manikins for the purpose of visual comparison.
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