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Abstract. Semantic human body reshaping builds a 3D body accord-
ing to several anthropometric measurements, playing important roles in
virtual fitting and human body design. We propose a novel part-based
semantic body model for 3D body reshaping. We adopt 20 types of mea-
surements in regard of length and girth information of body shape. Our
approach takes any number (1–20) of measurements as input, and gen-
erates a 3D human body. Firstly, all missing measurements are esti-
mated from known measurements using a correlation-based method.
Then, based on our proposed semantic model, we learn corresponding
semantic body parameters which determine a 3D body from measure-
ments. Our model is trained using a database of 4000 registered body
meshes which are fitted with scans of real human bodies. Through exper-
iments, we compare our approach with previous methods and show the
advantages of our model.

Keywords: Semantic human model · 3D body reshaping ·
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1 Introduction

3D human body modeling has been researched for about 20 years in computer
graphics and animation, and has various applications in movies, computer games
and virtual fitting. Parametric human body models represent 3D body through
deforming a template body mesh with a series of parameters, and can be classi-
fied into edge-based models and vertex-based models. Edge-based models [1,2]
capture the shape deformation as edge deformations relative to template mesh,
usually with a 3 × 3 matrix. Vertex-based models [3] treat the shape deforma-
tion as vertex displacements with a 3-dimensional vector. Our proposed semantic
model is a vertex-based model.

There are several ways to create 3D human bodies using parametric models,
such as reconstructions from scans, images and anthropometric measurements.
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Anthropometric measurements (e.g., height, chest size, waist size, etc.) provide
semantic and intuitive controls towards body shapes, so in this paper we propose
a semantic parametric model using body measurements to create or edit 3D
human bodies.

We review existing related approaches, and conclude the state-of-the-art
framework of 3D body reshaping with anthropometric measurements. First of
all, a database containing various 3D body shapes with a similar standing pose is
prepared and a set of measurements are defined. Then the state-of-the-art frame-
work consists of the following three steps: (1) Using the known measurements,
the number of which is not limited, to estimate the missing measurements; (2)
Learning a 3D body shape with all measurements; and (3) Optimizing the body
shape with the original known measurements as constraints. Zhang et al. [4]
use such a framework, while the others [5–7] only put emphasis on part of the
framework.

For step 1, most works [1,6,7] take all the defined measurements as input
while Zhang et al. [4] and Zeng et al. [5] can take any number of measurements
as input, which relaxes the restriction on the input and is user-friendly to body
creaters. Zhang et al. [4] propose a correlation-based method and Zeng et al.
[5] use MICE (Multivariate Imputation by Chained Equations [8]) to estimate
missing data from the known one(s). In Sect. 3.1, we compare their methods,
KNN (K-Nearest-Neighbor) and a matrix completion method. The method we
use for step 1 in our approach is similar to [4] with minor revisions.

For step 2, existing methods map the defined measurements to body param-
eters which determine a 3D body shape. There are various types of body param-
eters, such as weights of PCA bases and affine transformations of mesh triangles.
Some works [7,9] map the measurements to the weights of PCA bases performed
on the whole body shape, which control vertex displacements relative to the
corresponding vertices of template mesh. Some researchers [5,6] map the mea-
surements to the triangle deformations relative to the corresponding triangles of
template mesh. We propose a vertex-based semantic model consisting of part-
based semantic bases which control deformations according to measurements,
and whole body non-semantic bases that make the whole body shape coherent.
In Sect. 3.2, we compare our method with the two common-used approaches, and
our method achieves the best performance for body reshaping while obtaining
comparative reconstruction error.

The time-consumption and result quality of step 3 rely on the quality of the
body reconstructed from step 2. How to further refine the learned body shape
with original known measurements is out of the scope of this paper.

We use MPII database [10] which contains 4301 registered bodies to train
and test our approach. The experiment results show that our novel body model
can: (1) perform semantic controls towards body shapes, (2) better satisfy the
measurements requirement for body reshaping, and (3) keep the whole body
shape coherent.

The paper is organized as follows. In Sect. 2, we firstly give an overview of
our method, and then introduce measurements estimation and our proposed
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semantic model. Experiments are conducted and analyzed in Sect. 3. Section 4
concludes the paper.

2 Method

2.1 Overview

Figure 1 shows the overview of our approach, which contains the online process
and the offline process. The online process experiences three stages: (1) estimat-
ing all measurements from given limited input, (2) predicting body parameters
using all measurements, and (3) reconstructing 3D body shape according to body
parameters with our proposed model. The offline process is based on a public
database [10] of 4000 3D registered bodies which are fitted with human scans.
The following subsections introduce each online stage and corresponding offline
preparations.

Fig. 1. Overview.

2.2 Measurements Estimation

The anthropometric measurements we use are shown in Fig. 2(a), and we com-
pute the measurements of 4000 3D bodies. How to compute measurements can
be found in [11]. Based on the dataset of 4000 sets of measurements, we compute
the Pearson’s correlation coefficient and train the linear relationship for any two
measurements.

We use a correlation-based method similar to [4] to estimate missing mea-
surements from known ones. Given a subset of 20 anthropometric measurements,
which is denoted as Sin, we want to get the subset (Sout) of unknown measure-
ments. We set a step value s (s = 0.04 in our implementation) and iteratively
expand Sin. Suppose current iteration is iter, for measurement i in Sout, if there
exists any measurement j in Sin and the correlation coefficient of i and j is larger
than 1 − iter × s, we use the trained linear relationship to predict the value of
measurement i from measurement j. If there are more than one measurements
in Sin satisfying the condition, we will compute the weighted average value of
predicted values, where the weights are decided by the correlation coefficients.
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Fig. 2. 20 anthropometric measurements and body partitions. (Color figure online)

2.3 Semantic Human Body Model

We propose a semantic parametric model, consisting of part-based semantic
bases which control semantic deformations and whole body shape bases that
make the body coherent. Du et al. [12] propose a semantic representation of
3D face model for reshaping with manual semantic bases. Different from their
work, we train semantic bases by analyzing the variations of body shapes along
semantic directions. We adopt 20 anthropometric measurements including length
information and girth information (Fig. 2(a)), and segment human body into 19
partitions in accordance with these measurements (Fig. 2(b)). The vertices of
darken area of each partition in the figure are used for girth calculation.

Equation 1 illustrates our model, where θ and β are body parameters. V is a
3N -dimensional vector denoting the positions of body vertices, and V̂ represents
the corresponding vertex positions of template body. N is the number of vertices,
and P is the number of body partitions. Bl

i represents semantic length bases, Bg
i

represents semantic girth bases, and U denotes non-semantic bases, the training
of which is introduced in the following two paragraphs.

V (θ,β) = V̂ +
P∑

i=1

(Bl
iθ

l
i + Bg

i θg
i ) + Uβ (1)

We train Bl
i and Bg

i separately for each part and U for the whole body.
For each part, we firstly represent vertices using local coordinate whose x-z
plane is parallel to girth plane (marked with red arrows in Fig. 2(b)) and y
axis corresponds to length direction (marked with purple arrows in Fig. 2(b)).
Secondly, we compute the rigid transform from training sample shape to template
shape, and let each transformed shape subtract the template shape. Thirdly, we
separately perform PCA on the y positions and on the x and z positions to gain
semantic bases Bl

i and Bg
i respectively. We should mention that Bl

i is a 3N ×L
matrix, 3N−Np rows of which are set to zero. Bg

i is a 3N×G matrix, 3N−2Np
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rows of which are set to zero. Here Np is the number of vertices of the part and
L and G represent the number of bases.

For training non-semantic bases of the whole body, we firstly represent each
training sample only with semantic bases. Then we make each training sample
subtract corresponding semantic represented one, and perform PCA on the ver-
tex residuals of all training samples to obtain non-semantic bases U (a 3N ×W
matrix, where W is the number of bases).

2.4 Body Shape Prediction

For each one of 4000 bodies in the training database, we have its body mea-
surements M and body parameters (θ,β) as a training example. For each
measurement, we learn a linear relationship between the measurement and
its corresponding body parameter. The body parameter is L-dimensional for
length measurement while G-dimensional for girth measurement. We also train
a linear relationship between the semantic parameter θ and the non-semantic
parameter β.

In online process, given 20 anthropometric measurements, we firstly esti-
mate the semantic parameter according to measurements and then predict the
non-semantic parameter. Finally, we reconstruct the 3D body shape with body
parameters (θ, β) using formula 1.

3 Experiment Results

3.1 Measurements Estimation Error

We prepare 301 testing samples using MPII database [10], which have no over-
laps with training samples. The 20 anthropometric measurements are computed
for every testing sample. We randomly miss a number of measurements and
estimate the missing data from known one(s) using correlation-based method,
KNN, SoftImpute [13] with BiScaler [14] and MICE [8]. The correlation-based
method is implemented as we describe in Sect. 2.2, and the other three methods
are based on the fancyimpute code [15].

Figure 3 shows the mean absolute error of estimated measurements with dif-
ferent numbers of known measurements. Overall, correlation-based method per-
forms best. When we know more than 12 measurements, KNN achieves less
estimation error. For the results displayed in Fig. 3, the training and testing
samples contain both male and female bodies. If we train separate models for
male and female, we will get slightly less error, but the trends and comparisons
of these methods are the same.

3.2 Evaluation of Semantic Body Model

In this section, we compare our approach, which predicts 3D body shape as
introduced in Sect. 2.4, with two common-used approaches. One maps measure-
ments to the weights of whole body PCA bases (abbr. PCA weight mapping),
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Fig. 3. Measurements estimation error with different numbers of measurements as
input.

and the other maps measurements to the triangle deformations (abbr. trian-
gle deformation mapping). PCA weight mapping method is adopted by many
researchers such as [7] and [9], which learns the linear relationship between mea-
surements and the weights of PCA bases. Triangle deformation mapping method
[5,6] learns the linear relationship between the affine deformation and the corre-
sponding measurement for each triangle. After obtaining the affine transforma-
tion for each triangle, we adopt the vertex formulation proposed by [16], which
satisfies the shared vertex constrains, to solve the positions of vertices.

We take the 20 anthropometric measurements of 301 testing samples as input
to predict 3D bodies using these three methods, and Table 1 compares the mean
absolute vertex-to-vertex error in x/y/z direction. Our approach achieves com-
parative reconstruction accuracy with PCA weight mapping method, while tri-
angle deformation mapping method falls behind.

Table 1. Reconstruction error of different methods (unit: mm)

Method X direction Y direction Z direction

Our method 2.82 3.56 2.40

PCA weight mapping 2.80 3.54 2.37

Triangle deformation mapping 5.12 5.44 6.40

We further compare the performance of these three methods for body reshap-
ing by changing sizes. Figure 4 shows examples of the shape changes when we
adjust chest size to 80 mm more or waist size to 50 mm less. We measure the
increment of chest size or the decrement of waist size for these three methods. We
also compute the absolute vertex-to-vertex distance between the shape before
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adjustment and that after adjustment, and show the distance with colors. The
blue color denotes smaller distance while the red color illustrates far distance.

The shape deformation performed by our method is the closest to the require-
ment, while triangle deformation mapping method barely changes the shape. Tri-
angle deformation mapping method maps measurements to the triangle defor-
mations relative to the corresponding triangles of template body mesh. The
vertex positions of triangles affected by the adjusted size rely on the positions of
neighboring triangles controlled by the unchanged sizes, so this method cannot
get required shape change when we only adjust partial sizes. Our method and
PCA weight mapping method use vertex-based human body models, and learn
vertex displacements relative to the corresponding vertices of template mesh.
Compared with PCA weight mapping method, our method achieves better size
changes, and we suppose that it owes to the part-based semantic bases which
improve the expressive ability of model for local deformations.

Our Method PCA Weight Mapping Triangle Deforma on Mapping

Unit: mm

Chest
Size

+80mm

Chest
Size

-50mm

+74.9Require
-ment

8.41+1.27+

6.41-8.64-6.94-

Fig. 4. Shape changes when we adjust chest size to 80 mm more or waist size to 50 mm
less. (Color figure online)

4 Conclusion

We propose a novel semantic parametric model for 3D human body reshap-
ing. Our model contains part-based semantic bases which control deformations
according to measurements, and whole body non-semantic bases that make the
whole body shape coherent. The experiment results show that we obtain com-
parative reconstruction accuracy, and can perform desired shape deformations
with sizes changing.
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