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Abstract

Statistical learning of human body shape can be used for reconstructing or est’ uating body shapes from incomplete data,
semantic parametric design, modifying images and videos, or simulation. A «igital hi man body is normally represented
in a high-dimensional space, and the number of vertices in a mesh is far lai_~r tF.n the number of human bodies in
public available databases, which results in a model learned by Principle Com»~nent Analysis (PCA) can hardly reflect
the true variety in human body shapes. While deep learning have be.n - .ost successful on data with an underlying
Euclidean or grid-like structure, the geometric nature of human bod, is nc» uclidean, it will be very challenging to
perform deep learning techniques directly on such non-Euclidean domain. This paper presents a deep neural network
(DNN) based hierarchical method for statistical learning of human . ~dy by ising feature wireframe as one of the layers
to separate the whole problem into smaller and more solvable su' brov..ins. The feature wireframe is a collection of
feature curves which are semantically defined on the mesh of human “ody, and it is consistent to all human bodies.
A set of patches can then be generated by clustering the whe '~ mesh surface to separated ones that interpolate the
feature wireframe. Since the surface is separated into patches, P A only needs to be conducted on each patch but
not on the whole surface. The spatial relationship between he : -...ntic parameter, the wireframe and the patches are
learned by DNN and linear regression respectively. An anolica. »n of semantic parametric design is used to demonstrate
the capability of the method, where the semantic paran. . < a.2 linked to the feature wireframe instead of the mesh
directly. Under this hierarchy, the feature wireframe acts lin~ an agent between semantic parameters and the mesh, and
also contains semantic meaning by itself. The propos.* mc...od of learning human body statistically with the help of
feature wireframe is scalable and has a better quality.
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(z,y,z). Prior to statistical learning, a common practice
is to conduct Principal Component Analysis (PCA) on the
data to transform the data to a lower-dimensional space
such that the complexity is reduced while preserving suffi-
cient variance [4]. PCA can be done by eigenvalue decom-
position of a data covariance matrix. However, the number
of human bodies (m) in public available databases is usu-
ally far less than the number of vertices, i.e., m < 3n, and

1. Introduction

Statistical learning of human body 's a tu. ?.nental
problem in many areas and applicatic s *ich as biomet-
ric analysis, generative design, and products customiza-
tion [1]. Traditional way of acqui itio of human body
model is using 3D scanner to acqui. > sc .ns of human body
and then register the scans tog :ther . generate a con-

sistent model. However, this Jroc .ss i® time consuming
and requires expensive scanni., Jdevi e and reconstruc-
tion platform. Therefore, - .any stu.es have been done
to learn the variations of body s. apes [2, 3] and corre-
late them to their semantic ~aram -ters [4] — a parametric
design method for humr .0 body modeling. With the corre-
lation, the shape of a wman 1 ody can be generated from
a set of given paramete. ~ suc’. as body height, chest-girth
and waist-girth.

A digital human L ~d s is normally represented in a high-
dimensional space, e.5; a mesh with n vertices each of
which is defined by its three-dimensional (3D) coordinate
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the PCA result only has m — 1 eigenvectors with non-zero
eigenvalues. Therefore, with limited samples, the learning
directly on the whole human body can hardly capture the
true variety in body shapes. Furthermore, if both n and m
are large, it will be very challenging to perform eigenvalue
decomposition on such a large matrix (3n x 3n or m x m).

On the other hand, as a new area in machine learning
research, deep learning is becoming an important tool in
many applications [5]. Deep learning is successful when
dealing with Euclidean data structure with large sample
size such as speech and images [6]. However, it is known
to suffer from overfitting when the data have high dimen-
sion and low sample size [7], such as the database of human
body model. Another issue is the long computational time
due to the number of training parameters increases dra-
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matically with the dimension of data and the number of
layers. Despite these challenges, the superior learning ca-
pability of deep learning makes it worth to be applied in
statistical learning of human body.

To solve the practical issues arisen in the usage of PCA
and deep learning, the dimension of data must be reduced.
However, many mesh vertices are needed to represent the
shape of a human body confidently, and simply down-
sampling the mesh will lose much shape information. We
observe that although the vertices size of a mesh is huge,
the vertices are not totally independent to each other. Ac-
tually, human bodies are described by a set of feature
curves in many garment industries. Based on this obser-
vation, we hypothesize that if the learning process can be
taken on the feature curves, then the dimension of dataset
would be reduced, so that the training through PCA and
deep learning will be more efficient and the trained model
will be more accurate. To test this hypothesis, this paper
develops a wireframe-assisted deep learning method. The
feature wireframe is a collection of feature curves which
are semantically located on the chest, bust, hip, waist,
etc. Instead of analyzing all the mesh vertices directly, we
use feature wireframe to separate the whole surface into
patches. In this way, PCA does not need to be conducted
on the whole surface but just on each patch. The spatial
relationship between the patches are preserved through th-
wireframe. Furthermore, deep learning has a much bettex
performance in this much lower dimensional space.

The technical contributions of the paper are summari. >
as follows:

1. To the best of our knowledge, this is the drst t. 1e
applying feature wireframe as a defined intc nal lar er
to guide the statistical learning of hum- a mode.. .g.

2. The feature wireframe divides a whol hu ian nodel
into small patches. Each of the patc' es ha. v («ch less
shape variation, and PCA can ac . ~ve high rate of
dimension reduction in the patches, up . 99.72%.

3. With the lower dimensional sp ce, leep learning can
be applied to correlate the fe. ire wireframe and se-
mantic parameters, enablir g pai. metric design, in
which it is the first time d ep ! ;arning is applied.

We compare our method with the » evious human body
learning method [4] whic'. appli d PCA on the whole
model and used linear regi »ssion t, learn the correlation.
The same human body ' tabe.. (77 subjects) is used, so
that the results can & : direc.' v compared. To emphasize
the usefulness of featu e wire’ -ame, we also compare our
method with whick the Diviv replaced by linear regression.
Experimental resul. - sk yw Jhat the proposed method with
linear regression can & -eady outperform the previous work
in terms of reliability, accuracy, and robustness. Together
with deep learning, the performance is further enhanced
greatly. The proposed method for statistically learning
human body with the help of feature wireframe is effective
and scalable.

The rest of the paper is organized as follows. Section 2
will briefly review the related works. The technical detail
of the methodology for human mnodeling will be discussed
in Section 3, and it is followed v the experimental results
in Section4. Section 5 will c.ncluc ~ the paper.

2. Related Work

The state of human boa, 'earning mainly includes para-
metric design and s 1ap : or pose modeling. This section
gives a brief reviev of /.1ese aspects.

2.1. Parametr’: desig °

To reduce th comp :xity of human model and achieve
dimension r _uactiou, many studies focus on the parametric
design of ! um - a bHdy and related product. For example,
a featur~ based ps ameterization approach of human bod-
ies from tun. unorganized point cloud is presented in [8].
Wang et al. [¢ investigated a feature-based human model
for digit.” ar parel design. Kwok et al. [10] proposed an
optimi.. “ion algorithm for the complexes and the shape
< counon base domains in cross parameterization for re-
ducui. - the distortion of the bijective mapping.

" ~~ther aspect of research is concentrated on the para-
v stric design of human-related products. For example,
a1 approach for computing planar patterns for compres-
s.on garments is proposed in [11], while Hasler et al. [12]
tudied how to estimate the detailed 3D body shape of
dressed humans. The approach is based on the space of
human shapes learned from a large database of registered
body scans. Li et al. [13] proposed a method for fitting
a given 3D garment model onto human models of various
body shapes and poses. Pons-Moll et al. [14] proposed a
method for seamless 4D clothing capture and re-targeting.
Baek et al. [15] developed parametric human body shape
modeling framework for human-centered product design.
Au et al. [16] addressed the definition, development and
application of garment features with an associative fea-
ture approach. Chu et al. [17] proposed a computational
framework for personalized design of the eyeglasses frame
based on parametric face modeling. Similarly, Huang et al.
[18] presented a virtual try-on system based on augmented
reality for design personalization of facial accessory prod-
ucts.

2.2. Human shape and pose modeling

Many researchers have investigated the human shape
and pose estimation. For example, Anguelov et al. [2] pro-
posed a data-driven method, Shape Completion and Ani-
mation for People (SCAPE), for building a human shape
model that spans variation in both subject shape and pose.
While Hasler et al. [19] presented a learning method for es-
timating a rigid skeleton for shape and pose. A DeepPose
method is proposed for human pose estimation based on
Deep Neural Networks in [20]. Shotton et al. [21] proposed
a method to predict human pose and the 3D positions of
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Figure 1: Sketch idea of our parametric design method

body joints from a single depth image. A biomechanical
model of the human body to synthesize realistic swimming
animation was proposed in [22]. A retargeting method for
human motion to arbitrary 3D mesh models with as little
user interaction as possible is presented in [23].

However, most of these works focused on the human
pose estimation, few works addressed the human ' ~dv
modeling. In order to generate and animate realistic L.
mans, Hasler et al. [3] proposed a learning based approach
which could model muscle deformations as a fi .cu ~ of
pose. Streuber et al. [24] proposed a method fo learr a
model of how 3D shape and linguistic descriptions «“<h pe
are related. Allen et al. [25] proposed a prcam .tric tree-
form mesh design to reconstruct human mc =] .romr range
scans. While a system of modeling tk: effec.. Jf mus-
cle, fat, and bone growth with a given a1, "t 3D anatomy
template was proposed in [26]. Seo et al. [27] . -oposed an
example-based approach which utili .es ¢ modeling synthe-
sizer that learns from preprocessed . ~ar .ples to interpolate
new body geometry.

3. Methodology

To test our hypothesis ir. enablir s PCA and deep learn-
ing on human body da* wiut. _.gh dimension and small
sample size, this pa er ain.' to develop a wireframe-
assisted learning meth. 1 with che application of paramet-
ric design for hum=n boay nodeling. Instead of correlat-
ing semantic parai ete s ond human model directly, we
use feature wireframe as an intermediate layer as demon-
strated in Fig. 1. The leature wireframe is defined by a
set of feature curves based on the anthropometric rules [8].
This method is widely used as semantics measurements
in garment industries. Although it cannot guarantee to
capture all the features of a human body, the wireframe
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Figure 2: WVirefram : definition and patch extraction

contains e. o _n ir lustrial meaning. Specifically, some of
the sele."~d fe~* .re curves are the girths of head, neck,
neck-base, ei. "w, wrist, bust, under-bust, thigh, knee, and
ankle, ~s well 1s armhole circumstance. The wireframe is
repr. entew wnd displayed as polylines, but only the points
(1197 ve. ‘ces in the database) are used in the training.
‘L. ~refore, it is a topology graph that is defined on the
mesh ¢ human body, and it is consistent to all human
bo ac.. A set of feature patches can then be generated by
( 1stering the whole mesh surface to separated ones that
intorpolate the feature wireframe, which is depicted as in
Fig. 2. Since all the human models in database have the
consistent mesh connectivity, the patches can be generated
consistently as well for all of the models. Therefore, there
are three major layers in the framework for parametric de-
sign: semantic parameters (SP), feature wireframe (W F),
and mesh patches (M P). Each has the same size of train-
ing samples equal to the number of models in the database,
and they are used to train the learning model to compute
the correlation between the layers. Firstly, we need to find
a model that relates the whole wireframe W F to a func-
tion of the semantic parameters SP (¥ : SP — WF), ie.,

WE ~ U(SP, ), (1)

where 1 is a vector of unknown variables that need to
be solved. As the relationship between semantic parame-
ters and the wireframe is highly non-linear, and semantic
parameters always inter-affect the wireframe, while deep
learning has a good capability to learn such complicated
non-linear relationship, hence, a Deep Neural Network
(DNN) will be used here for building ¥.

Secondly, assume the mesh is separated by the wire-
frame into K patches, then the wireframe can be sepa-
rated into K sets accordingly, each of which is the feature
curves that are interpolated by the corresponding patch,
i.e., the boundary of the patch. Let the sets of separated

wireframes and patches are wf and mp, we have
wfy € WE, mpy, e MP (k=1,...,K).

Similarly, we need to find a model that relates mpy to a
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Figure 3: Flowchart of the pro, scw.

function of wfy for each patch (Ty : wfy — mpy), i.e.,
mpy ~ Ti(w fr, V), R

where vy is a vector of unknown variables that -~d to
be solved. Thanks to the separation by the virefrai e,
the models here are close to linear, and we will .” ~w t} at
linear regression is good enough to build the function [.
It is worth to note that the original met’ od ond- cting
PCA on all n vertices for m models result . in & > > m ma-
trix, in which only m — 1 principal com - ~nents are mean-
ingful. For n = 11,000 and m = 77 .n the 'atabase [4],
much information is lost when the .. trix is condensed
from the dimension of 33,000 to "¢ (4,4 times) even all
principal components are select~d. ~~ this new hierar-
chy, PCA is performed on each satc'. separately, and each
patch has around two hundrec ve cices (e.g., 198). From
198 to 76 is only 3 times copres. ., and we will show
that just a few principal .ompoi ~nts are needed to de-
scribe the shape confidentl, becaus : of the low shape vari-
ation in each patch. The | ropu..u method can avoid losing
feature information of auman model and is much faster by
solving smaller sub-prcblems - /ith the help of wireframe.
A more detailed illustrawion of the proposed methodol-
ogy is shown in F.-. & .he proposed method includes
two phases: statistica learning phase and parametric de-
sign phase. The techn.cal details of learning the corre-
lation functions ¥ through deep neural network and T
through linear regression are presented in Sections 3.1 and
3.2. They are followed by the parametric design phase in
Section 3.3. The detail of PCA is standard and is provided
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I~ Appendix A.

8.1. Deep Neural Network: Parameter & Wireframe

The goal of this section is to learn the relationship
(¢ : SP — WF) between the semantic parameters and
the wireframe of human models as shown in the left por-
tion of Figure 1. In the previous work [4], a linear regres-
sion is used to correlate the semantic parameters and the
mesh. Although the dimension of data is significantly re-
duced in the wireframe (compared to the mesh), a feature
curve may rely on several semantic parameters and their
relationship is still non-linear. Furthermore, linear regres-
sion fails to separate the influence when the number of
semantic parameters s is large [4], and it would over-affect
the wireframe generation. Therefore, a non-linear correla-
tion is needed to characterize the relationship between SP
and WF, and DNN is applied here.

Specifically, the Principal Component Analysis (PCA)
is applied to both the semantic parameters and feature
wireframe to reduce their data dimension by discarding
the last principal components (PCs) with total variance
less than 5%, which are unimportant even in the linear
space (see Appendix A). Their dimensions are reduced to
11 and 14 on average respectively, which are much smaller
than the sample size. Hence, over-fitting in training is less
likely to happen here.

After that, a DNN is built to learn the relationship be-
tween the two sets of PCs: SP and WF (same notation
is used for simplicity). The DNN is a feed-forward, arti-
ficial neural network with multiple hidden layers between



its input and output. The network is called deep as many
layers are employed [28].

The optimal parameters of the network are obtained by
minimizing a multinomial regression loss function:

greg(@/}) = Z

(SP,WF*(SP))eT

log W, (SP,WF*(SP)) (3)

where WEF*(SP) denotes the ground-truth WF for
SP, and samples of ground truth are collected: T =
{(SP,WF*(SP))}. The network architecture is detailed
in the following section.

3.1.1. Network architecture

The architecture of proposed deep network consists of
following different layers:

Fully connected (FC) layer is a linearly connected
layer to adjust the input and output dimensions. Given
a P-dimensional input X = (2", ..., 2%%) the fully con-
nected layer produces a (-dimensional output Y°% =

(y7"*, ..., y4*) by using a learnable weights w,
P
yf;ut :U(qupl“;”);q: L...Q (4)
p=1

The output is optionally passed through a non-linea.
function such as the ReLU [29], n(t) = max{0,t}.

Dropout(w) layer is a fixed layer to prevent ove. “t-
ting [30]. The term ”dropout” refers to dropping out units
(hidden and visible) in a neural network. By - ~ning
a unit out, it means temporarily removing it from e
network, along with all its incoming and outg. Mg cr a-
nections. The selection of which units te dre» is .an-
dom. It injects binomial noise on each ¢ the cor puta-
tional units of the network [31]. Durir, tra. in‘, stage,
an independent and identically distrib . ‘ed binary mask
my, ~ Binomial(marep) is generated fo. each “~nut dimen-
sion, each element is 1 with probabi'.vy 1 — Tgrop,

"t =my ) (5)

During testing stage, all pc. “ibl, bir «y masks have to
be integrate over. In practice the . i’ is always presented
and by using an approxime .ion m. *hod: multiplied by the
input with the drop proba. ility of Jhe layer:

=1 (©)

Hence, the outpnt at te.. stage is same as the expected
output at training . tagr .

Pooling layer is a. o a fixed layer which combine the
outputs of neuron cluste.s at one layer into a single neuron
in the next layer, it is used to reduce the input dimensions.

Batch normalization layer is another fixed layer to
reduce the training time of large network [32]. It nor-
malizes each mini-batch during stochastic optimization to

have zero mean and unit variance, and then performs a
linear transformation of the form:

out Z‘p 7
T = —F— = ‘/—l—ﬁ
P \[024-5 ( )

where 4 and o2 are the o can nd the variance of the tan-
ning dataset by using ex, ~.ential moving average. To
avoid numerical errors, » “mali , ositive constant ¢ is used.

For task of image. ... =ch o. computer vision processing
which need to extr ct fr itu. s from Euclidean data struc-
ture, a convolution 1., r [6] is included in the architecture.
In this paper, t.c input s the PCs of semantic parame-
ters (SP) and lon’t ha e to extract such features, hence a
convolution laye does not needed. The DNN architecture
consists di”.erent types of layers middelmentioned above,
acts as a . n-'.nea parametric mapping function ¥ to the
output, "V F', wit' the set of all learnable parameters 1 of
the network.

8.2. L mear Regression: Wireframe & Mesh Patch

"'his section moves the focus to the right part of Fig. 1
and cc mputes the function YT in Eq.(2) to find the rela-
t10 w...p between the feature wireframe and the mesh. The
. reframe clusters and separates the human body into a
sev of mesh patches. Together with the separated patches
(mpy, € MP), the wireframe is also separated into differ-
nt parts (wf, € WF) correspondingly as the boundary
of each patch. The correlation is then built separately on
each of the patches, so that the whole problem is divided
and solved by a number of sub-problems. Noted that the
semantic parameters are correlated with the whole wire-
frame in the previous section, but a mesh patch is corre-
lated with only part of the wireframe here.

The human models in the database share the same mesh
connectivity, and thus the separated patches are consistent
among the models too. Let mpj, be the k-th mesh patch
on the a-th model, where a = 1,...,m, and wf} be the
corresponding boundary. Since a mesh patch k& among the
models (i.e., mpp, mp3,...,mp") can be learned individ-
ually now, they are independent of the absolute position
on the human body. Therefore, we can first align all the
patches from different human models, and then learn the
variance of the patches in their own coordinate system,
which is very similar to the procedure of Generalized Pro-
crustes analysis (GPA) without the estimation of scaling
factor. In this way, the real geometry and shape variances
can be learned within a patch rather than the space vari-
ance, which was not possible when the training is done on
the whole mesh. In short, the alignment is done by find-
ing a rigid transformation that can best-align the patch
boundary on each of the human models (wfZ,...,wf™)
to one of them (wf}). The rigid transformation can then
be used to align the whole patch (mp{) to the static one
(mp},). Noted that the patches are aligned by the trans-
formation that best-align their boundaries instead of the



Table 1: Dimension reduction of mesh patch and boundary wireframe

wfk mpy,
Before PCA 84 ~ 96 123 ~ 2496
After PCA 3~8 3~T
Reduction ratio | 0.85 ~ 0.98 | 0.97 ~ 0.99

whole patch. This is because the goal here is to elim-
inate the space variance with the least influence of the
shape variance among patches, and more importantly the
boundaries are designed in such a way that similar proce-
dure can also be done during the parametric design phase
when the mesh patch is not available. Once the wireframe
of a new model is synthesized, the patches (mp§) can be
generated and transformed back to the absolute position
based on their boundaries (wf{).

After the k-th patch from all models are aligned, the
linear regression similar to the one presented by Chu et
al. [4] is used to compute the function Y, except that
they applied it once to the whole mesh and we apply it K
times to each of the patches. Again, the PCA is applied for
dimensionality reduction to both the wireframe (w fx) and
the mesh patches (mpy). Remarkably, since the meaning-
ful wireframe separates the whole human body into small
patches, each patch is relatively simple in geometry com-
plexity. Although the DoF (w.r.t. number of vertices)
still large in a patch (e.g., 2,500), they are highly linear-
dependent. This is evidenced by the dimensionalit™ -~-
duction results that the retained numbers of PCs (95,7
variance) are very similar for both the patch (mpy) and
its boundary (wfx) as shown in Table 1. In ot} _r w.~ds,
the wireframe can really capture the high-level < »atial re a-
tionship between the patches and is a good rrpresc. *at on
as a intermediate layer to connect the sem untic parame-
ters and the mesh. Moreover, a very high . 1 ctio . ratio
(e.g. 99% : 2,500 — 7) can be achieved “or a pa. 't (mpy)
and thus the correlation can be built b. ~d on the real
geometry and shape features.

As the dimensions of w f; and mp- aft. r PCA are similar
and small, a linear system is good « ~ov ;h to represent the
relationship:

k=1,..,K) (8)

where K is the number f patches, mpr € MP, wf; €
WF, Ay is a relation matr x, by is « vector of correspond-
ing residuals, and vy = 4, .} u Eq.(2). Depending on
the number of PCs re ained .r wf; and mpy, this linear
system can be over-de ermine ., under-determined, or ex-
actly determined. The (.. wolver is used to compute the
values of A and b, ‘L. 15 done on each of the patches.

wpy, = A - mf, + b

3.3. Parametric Desigi.

Once the correlation functions ¥ in Eq.(1) and T in
Eq.(2) are trained and constructed, the learning phase is
done, and we can move to the design phase — the right part
of Fig.3. In this section, the trained correlations will be

SP,;

FC Rel : Dro' out FC ReLU

Figur 4: The neural network architecture.

used to syr .uesize new human model with new designated
semantic | are’ .iete s.

Giver a new s, of semantic parameters, its principal
components, SP* can be obtained by the same procedure
in Se *“ion 3.1. With SP* and by means of the trained deep
net, the .. = .eature wireframe W F™* can be computed by

WF* = U(SP*,¢). (9)

The ..ewly generated wireframe can then be separated
intb n different sub-sets as the patch boundaries {wf}} €
v. F™*, using the same connectivity in the database. Noted
“hat a boundary alignment is done here as described in
Section 3.2. Then, the new mesh patches {mp}} can be
generated using Eq.(2):

mpi = T(wfivg) (k=12,..,K)  (10)

Specifically, it is computed based on the linear regres-
sion model in Eq.(8). After all mpj}, are determined, each
of the new mesh patches can be obtained by the back-
transformed to the absolute position. The synthesized
patches are assembled into an intact human model.

It should be noted that if the learning is simply sepa-
rated by patches, the reconstructed results will be incom-
patible, and this is also our motivation to apply wireframe
as the middle man to connect the patches. The local wire-
frames are the subsets of the whole wireframe, in which
the correspondences are always defined. As the local wire-
frames are at the same time the patch boundaries, the
patches are always connected and intersect exactly at the
wireframes, so the compatibility is guaranteed.

4. Experiment

In this paper, we have proposed a new hierarchy method
for statistical learning of human models. In order to verify
the effectiveness and efficiency of the proposed method,
several experiments are conducted in this section to in-
vestigate the performance of the proposed methodology
compared with the previous methods. The database [4]
has 77 subjects of woman model and all of them share
the same mesh connectivity. Each model contains 11,072
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mesh vertices and 39 mesh patches separatec by w.-e-
frame, and there are 1,197 vertices on the fea. re wi e-
frames. To assess the DNN quality, the arst 6u ab-
jects from the database are used for train’ag e .1d the re-
maining 17 subjects are used for testing L. N is imple-
mented with Keras in Python, and fc the sake of effi-
ciency, the ADAM stochastic optimiz cion . 'eorithm [33]
is used with a learning rate of & = 2273, 5, = 0.9 and
¢ = 107%. The network architect ire ~as five layers as:
FC204-ReLU+Dropout+FC13+ReL . as shown in Fig.4.
The two fully connected layers haye 20 and 13 neurons
respectively, and the ReLLU ac iva’.on “unction is used in
both layers.

4.1. Sensitivity to System Setting

In the dataset, there e 4. __.mantic parameters, e.g.,
body height, neck gir'a, busv and waist, collected to de-
scribe the human boc 7 mod |. Intuitively, more input
semantic parameters wouiu characterize the human model
more precisely. Hov 2ve | vwwo many parameters may inter-
affect the synthesis o1 'uman model. It has been seen that
the learning system of Cau et al. [4] is very sensitive to the
number of input semantic parameters. Being sensitive to
system setting leads to a long pre-processing time of cali-
brating system parameters, and which will limit its practi-
cal applications. Therefore, it is desired to have a learning

system that is stable even under different settings.

In this paper, the wireframe is introduced as an inter-
layer in the learning model, such that the semantic param-
eters are correlated to an abstract and more meaningful
representation of the whole mesh. It is expected that the
impact of semantic parameters will be localized and more
focused. To evaluate the sensitivity performances of the
proposed method and the previous method [4], we con-
duct an experiment using different semantic parameters
to train the learning model, which is then used to syn-
thesize and reconstruct human models. Here, a model is
selected randomly from the database, and its parameters
are used for the synthesis. The performance can be ob-
served easily in Fig. 5 by comparing the “original model”
with reconstructed results of the two methods: “Chu et al”
and “Our”. It can be seen that the previous method [4]
is indeed very sensitive to the number of parameters (.5).
When 8 parameters are used, the reconstructed model is
close to original model, but when the number of parame-
ter is larger (e.g., S = 16, 32 and 47), the results become
unreasonable and the larger the worse. In contrast, our
results are more or less similar with different parameter
sizes. This experiment shows that our method is less sen-
sitive to the setting of the system, more repeatable, and
more practical.

To further verify our contribution of using wireframe
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as an intermediate layer and ap ,lying LN to model the
relationship, an additional cor .par’son ‘3 added in Fig. 5
named “WF&Linear”, which sta. ‘s fc - wireframe is used
but only linear regression ., applied ror both layers (i.e.,
without DNN). Although i is also ffected by the number
of parameters used, the resu "< ar- smoother and closer to
the original model for all the tests compared to “Chu et
al.”. This comparison reveals ;he usefulness of wireframe
in stabilizing the learni.. < .em. Moreover, the compar-
ison between “WI ... ~*” and “Our” demonstrates the
usefulness of DNN i1, ~’.aracterizing the non-linear correla-
tion between semantic ~arameters and feature wireframe.

4.2. Accuracy of Synthesis

To quantitatively compare the accuracy of synthesis re-
sults with the previous method [4], a L2-norm is defined to

measure the difference between two human models (h, l~1)

Ihohlla = (@ — &, w;€h@eh (1)

i=1

where z; and #; are the ve~'~es of h and h (2, 7; € R3),
and n is the number of v rtice s (n = 11,072 and the unit
of database is em in this pe, <). Given a model h from the
database, this experime. * is acae by synthesizing a new
model A with the sar . emau_ ‘c parameters of h and com-
paring the differenc : bet ve. - the original model i and the
reconstructed mode: " 1sing Eq. (11). Ideally, if the trained
model is perfect, vie dihc ence should be zero. Therefore,
the smaller the value i1 difference, the better performance
of the method. ™irstlv the previous test on sensitivity to
parameter .1ze is re-evaluated using this error metric, and
the result. of symi aesis error against parameter size are
plotted "~ Fig. 6 .t supports and further verifies the con-
clusion in ». ~tion 4.1 that by using the wireframe as an
inter-"~ver in t ie learning model, the proposed method can
loc.*7e ti. “_apact of semantic parameters through corre-
lating 1. an abstract representation of the whole mesh,
¢ ~u when the parameter size increases.

Sec.dly, a more comprehensive test is done by using
au . dels from the database, and the results are plotted
.~ Fig. 7. It can be seen that “WF&Linear” on average
ha. a smaller value in difference than “Chu et al.”, which
again indicates the usefulness of wireframe. “Our” gives
‘owest values in all the tests with a clear level of differ-
ence. The results not only verify the use of DNN, but also
demonstrate that the proposed method can outperform
the previous work significantly. The comparisons are also
visualized in Fig. 8, which shows the Hausdorff distance
using color map on several models synthesized by three
methods. It can be seen that the models reconstructed by
“Chu et al.” and “WF&Linear’ have large differences es-
pecially on the head and arms, but our method generates
very close results and have a higher accuracy.

4.3. Robustness to Extremity

In this experiment, we test the robustness of methods
under some extreme cases in terms of design parameters.
The range of each design parameters in the dataset are
listed in the table of Fig. 9, and we conduct two experi-
ments based on these values. The first one is to test with
extreme values but still within the range, i.e., the smallest
value is used for all semantic parameters to synthesize a
new model. For example, the range of neck girth parame-
ter in the database is [29,44], and the input neck girth is
set as 29. Reminded that, even the parameters are set as
the smallest values in the data ranges, none of the models
in the database have exactly the same set of values. The
second one is an extrapolation test, i.e., parameters are set
out of the data range. For example, the height is set as 185
beyond its range of [145, 181], and similarly for width, hip
and inseam. Figure 9 has shown the results generated by
the three methods “Chu et al.”, “WF&Linear” and “Our”
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using these two parameter sets, which is also “1cluded 'n
its table.

In case 1, the reconstructed model by “ _hu ot al” [4]
is intertwined especially on the hands ana ~ .dy. While
“WF&Linear” can generate a more reas nable . »del but
the surface is a bit rough. “Our” met 10a ~n generate a
smooth and reasonable model. Qua~*itatively, the para-
metric dimensions of the reconstr’ cted models are mea-
sured by drawing curves on the a, 't J models and cal-
culating the length of the curv.s. For xample, the in-
put “neck girth” is 29, and * e r.eas red values of the
models reconstructed by the thic~ mw thods (Chu et al.,
WF&Linear, Our) are (31.,,31.3.30.1); the input “under
bust” is 70, and the results are (74 3,71.6,71.8); the input
“waist” is 60, and the resu..~ = (62.6,60.6,60.0). The
data show that “WF¢& Linea:” and “Our” can synthesize
much more accurate 1 sults tf an “Chu et al.” from a set
of input parameters tha. = _afferent from all the models
in the database.

In case 2, both t. 2 methods of “Chu et al.” and
“WF&Linear” give very abnormal results with either flat-
tened or stretched shapes. It makes sense because extrap-
olation is generally very challenging, and Chu et al. [4]
used a feasibility check to prevent these cases. Surpris-
ingly, “Our” method can still generate a reasonable model

visually, thanks to the stability given by the DNN train-
ing with non-linearity. Similarly, the parametric dimen-
sions are measured. For example, the input “width” is
28, and the results are (33.3,31.6,30.6); the input “waist”
is 80, and the results are (88.6,76.3,78.9); the input “in-
seam” is 85, and the results are (80.9,80.4, 84.6). The data
show that “Our” can outperform both “Chu et al.” and
“WF&Linear” in terms of extrapolation.

Therefore, the results from both cases reveal that the
proposed method has a good robustness on parametric de-
sign even for extreme cases and thus more practical for
industrial uses.

4.4. Application: Generative Design

Parametric design method have been used to many in-
dustrial applications, and digital human body is widely
applied in medical, sport, garment design, virtual try-on
systems, etc. However, scanning human body is expen-
sive and time consuming, as a result, small-to-medium
enterprises may have very limited data. Even a huge
amount of data are collected, the design parameters may
not all lie in the range of dataset with the evolution of
design and requirements. Moreover, to create a new de-
sign style that can fit to one or more customer groups, a
fast method is needed to generate a comprehensive dataset
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of human body and explore design possibilities. In such
cases, the generative design based on parametric mode’
ing can be applied to facilitate product design and sat-
isfy the requirements of various customer’s unique prefer-
ences. The challenge in parametric design of human bc 'v
is that the semantic parameters are usually related to each
other [34, 35], e.g., height is related to weight, » .o ~aist
is related to bust.

From the experiments in previous sectio’ s we ca.. see
that the proposed method has a significar . imr prov ment
on parametric design of human body des’ szn. + NN s used
to learn a good representation of the ¢ ~wvlex correlation
among human models. The robust uesign -apability of
the proposed method enables its apr ... tion to high qual-
ity generative design. In this secti m, e generative design
experiment is conducted to reveal 1. generative design
capability of the proposed me’nod logy. In the experi-
ment, four design parameters. br dy ! cight, bust, waist
and hip are varied with differ~nt va. *< 5 to study the effect
on the resulting human mc fel anc design capability of the
proposed method. Figure 0 show, the generated results
with various parameters 't ca.. L seen that the generated
human models can ref >ct the -ariance of input design val-
ues. For example, whyn the i iput body height increased
from 140cm to 190~m by rucm for each model, the result-
ing meshes are alsc get 1y taller. Similarly for the bust,
when increasing the ¢ 'sign values from 78cm to 98cm by
increasing 4cm on sequent models, the resulting meshes
have a clear increasing effect on the bust area. The simi-
lar design effect can be also found with varying the waist
and hip values. This indicates the proposed design method
is effective and robust.

10

... different methods

5. Counclusion

In this paper, we presented a wireframe-assisted deep
earning method for parametric design of human body
modeling. A hierarchy design system consists of build-
ing relationship between semantic parameters and feature
wireframe by DNN, modeling correlation between feature
wireframe and mesh patches with linear regression is de-
veloped. Experimental results show that the proposed de-
sign method outperforms the previous methods and can
capture more feature information of human bodies, less
sensitive to system settings, more robust to extreme cases,
and more accurate in model reconstruction. The intro-
duced intermediate layer of feature wireframe proved to
be useful for human modeling and can be applied to prac-
tical applications such as product customization, the DNN
based method is robust and could be utilized for generative
design in many industrials such as virtual try-on systems.
The framework simply follows a previous work to define
the wireframe, a future work is to study how the defini-
tion of wireframe will affect the learning quality, and find
a quantitative way to verify a defined wireframe.
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Appendix A. PCA and Dimension Reduction

Demonstrated in Fig. 3 , the correlations between any
two dataset are done on their principal components (PCs).
The details of PCA are briefly discussed using wireframe
here. One of the reasons to apply PCA on the data is for
dimensionality reduction, which is a very useful step for
processing high-dimensional datasets, while still retaining
as much of the variance in the original dataset as possible.

Assume there are N scanned human models in the
database, the wireframe on human model can be defined
by a set of vertices collected as H = [hy hg ... hn]smxn,
where h; is a vector with M three-dimension vertices from
the wireframe of the ¢th human model in the database.
Letting:

(A1)
i=1

Here we have Eff th —hhy—h ... hy —h], and its

covariance is V' = H(H)? which dimension is 3M x 3M.

Since 3M > N, we instead compute the transpose of its



covariance W = (H)TH. Then by eigenvalue decompo-
sition, we have W = Az. Then n eigenvectors [z;]nx1
could be obtained, with z;, the jth eigenvector of C' can
be determined: y; = Hax;, here y; is a 3M x 1 vector.
The normalized eigenvectors § = y]/||y]|| (j=1,...,N)
are the principal vectors of H, where each is associated
with a variance ;. The vectors are sorted according to
a% > U% >0 > 0]2\,. The largest variance means the cor-
responding vector y; has the most dominant effect in the
model space. We keep the first m principal components
according to the percentage of the total variance explained
«a by each principal component.

B AL+ Ao+ Ay
MAA+ Ay + - Ay

a >095  (A2)

Then the wireframe of each human model of all scanned
models serving as training data set can be projected onto
m-dimensional points by:

Ui
i _
Sl (hi—h)(i=1,...,N)  (A.3)

wf;
Uim

Thus, we map Hsprxn into a reduced matrix W E,,xn —=
[wf,;] (m < 3M) spanning the linear space of exempla.
patches of human bodies, named as the reduced exemplar
matrix. After PCA, a wireframe h; is projected to a -
dimensional point wf; and its collection is the principal
components WF'.

Similarly, suppose we have S semantic param- cers, P\'A
can be applied to the semantic parameters to obt. ™ s pr n-
ciple components, i.e., SP = [sp; $py ... 8" y]s--N W i€T€
sp; is a s x 1 vector.
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Highlights

Feature wireframe is applied as am internal layer to guide the statistical learni (g . f human modeling.
PCA can achieve high rate of dimension reduction in the patches on humar bou,, 1p to 99.72%.
Deep neural network (DNN) is applied to correlate the feature wirefram‘. a, d sen.antic parameters.
Experimental results show that the method is more robust and accurate . an previous method.

The DNN-based method is utilized for generative design for, e.g., v’ ‘tual try -on systems.
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