Mapping Learning in Eigenspace for Harmonious
Caricature Generation

Junfa Liu'2, Yigiang Chen’, Wen Gao’
TInstitute of Computing Technology, Chinese Academy of Sciences, Beijing, China, 100080
2Graduate School of Chinese Academy of Sciences, Beijing, China, 100080
{ifliu, ygchen, wgao}@jdl.ac.cn

ABSTRACT

This paper proposes a mapping learning approach for caricature
auto-generation. Simulating the artist’s creativity based on the
object’s facial feature, our approach targets discovering what are
the principal components of the facial features, and what’s the
difference between facial photograph and caricature measured by
those components. In training phase, PCA approach is adopted to
obtain the principal components. Then, machine learning of SVR
(Support Vector Regression) is carried out to learn the mapping
model in principal component space. With the mapping model, in
application phase, users just need to input a frontal facial
photograph for the caricature generation. The caricature is
exaggerated based on the original face while reserving essential
similar features. Experiments proved comparatively that our
approach could generate more harmonious caricatures.

Categories and Subject Descriptors

H.1.2 [Models and Principles]: User/Machine Systems —Human
information processing; 1.4.10 [IMAGE PROCESSING AND
COMPUTER VISION]: Image Representation —Morphological.

General Terms
Algorithms, Experimentation, Human Factors, Performance.

Keywords

Caricature, Machine Learning, PCA, Subspace

1. INTRODUCTION

Caricature passes more non-verbal information than pure face in
people’s communication. Especially in digital life nowadays, there
are wide application in various case. For example, when chatting
online with MSN, or in some online games, one can replace the
avatar with his caricature. People can take fully the advantages of
their own caricatures, for sometime, they will not show their true
faces, and however, the caricatures are really alike as themselves.
So in recent years, caricature auto-generation is becoming an
interesting research topic.
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The artist can create people’s caricature artificially according to
one’s facial features. Can the computer do that from his/her real
photograph automatically? Recently, there are increasing works
on caricature generation [1~5]. Bruce Gooch et al [1] presents a
method for creating two-tone illustrations and warping the face to
a caricature by artificial grid regularity. Lin Liang et al [2]
exaggerate the facial shape based on learnt prototype to reflect the
personal features. Pei-Ying Chiang [5] works out the average face
and exaggerate the prominent features of the input face after
comparison with the average face.

Generally speaking, caricature generation from people’s 2D real
photograph involves shape exaggerating and texture rendering.
Current works above mainly concentrate on the shape aspect. The
common process is like this: First, the facial sketch is extracted in
terms of the facial feature points, and then the feature points are
exaggerated to new ones. According the new points, warping the
face shape to the target position can produce the caricature.
Although all works above generate caricatures successfully, there
are still two critical aspects need to be improved for elegant
caricature. The first is: How many features should we choose to
transform? As concluded in [2], the artists create caricatures
covering more than one features of the object’s face, however, in
some cases introduced above, just only one outstanding feature is
selected as the object to be exaggerated. The second is: How can
we arrange multiple target feature points harmoniously? Many
works make simple transformation rules for feature points
arrangement. However, in multiple feature-selected cases, for the
transforming of all features affects each other, it causes distortion
instead of exaggeration sometime. Some other works replace the
facial component such as the nose with pre-designed model to
meet multiple features requirement, but it lead to less similarity to
the original face.

We proposed an approach of mapping learning in subspace to
handle these two problems. PCA is employed to discover the
principal components. PCA traditionally is regarded as a tool for
dimension decreasing, which means we can use fewer dimension
in subspace to represent more dimensions in sample space; and
transformation in subspace will lead to integrated effect in high
dimension feature space. That is to say the global harmonious
effect of the caricature yields to the proportionate transformation
in low feature subspace. To get the second target, we take SVR
(Support Vectors Regression) [9, 11, 12] as the learning algorithm
to train the mapping model. Its high performance in generalization
would realize rational transformation in component subspace,



which promises harmonious arrangement of multiple feature
points.

The rest of the paper is arranged like this: In section 2, the
subspace mapping learning approach is described. And section 3
demonstrates how to apply this approach to caricature generation.
The experiment and its result are introduced in section 4. In the
last section, we draw a conclusion for this paper and make a
schedule for our future work.

2. MAPPING LEARNING IN EIGENSPACE

The problem now is how can we, when a new input
data Xa (xal 5 X 950005 X, ) s given, make a prediction for the
output data X, (x,,,X,,,...,X,, ) ? The condition is that we

acquired two sets of sample data for training, which are {X } and

X5

2.1 PCA (Principal Component Analysis)

The PCA procedure is a statistical analytic method, which can
help us reduce number of dimensions in data, find patterns in
high-dimensional data, and visualize data of high dimensionality.
Here, we find the component space or Eigenspace via PCA.

Suppose the samples set is {X,}, then the average is defined as:

_ N
X:iz X . . Each sample differs from the average by the
N i=1 l

vector (I)l- =X i X . Now, we get the covariance matrix:

Czililcp_qf . The next step is to seek a set of M
M = i

orthonormal vectors {U; } of matrix C, which best describe the

distribution of the data. At the same time, another variable j,l, is
gained which represents the importance of jth vector U, . We

call the vectors {U; } as the Eigenvectors and scarlars { 1, } as the
Eigenvalues respectively. And we also call the feature space
supported by { U; } as Eigenspace. The computing detail is

ignored here.

2.2 Project Vector Calculation

As the Eigenvectors are obtained and Eigenspace is built, we just
need to select some most important vectors as the principal
components. That is just the decreasing dimension process of
PCA. Since the importance of the Eigenvectors is represented by
their Eigenvalues, so the selection is determined by Eigenvalues

{/11. }. If we want to keep the information by a ratio R, total k

vectors will be reserved, according to equation (1).

For the training data X o and output data X, , we transform

them into Eigenspace by a projecting operation respectively, as
showed in equation (2) and equation (3).
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2.3 Project Vector Mapping Learning

Since {@,} and{q,} represent the configure of the input and

output data, we can build the mapping relationship between them,
which is to say, find a regression function to match the input and
output data. Many learning approaches are optional for this task.
In this paper, SVR (support Vector Regression) is practiced for its
high performance dealing with high dimension nonlinear
regression. We construct the following regression function:

f(@)=2 BK(@,0)+b @

H 2
o, — “’fH
2 )

20

K(w,,0;)=-exp(—- ®
Where, K (a)i,a)) is the kernel function satisfying Mercer’s
conditions, and we usually choose radial-basis kernel function as
showed in equation (5). ﬂl is the coefficient of the i th input

sample, and if it does not equal 0, the corresponding vector is a
support vector. ¢, is the input, and f (&) is the output. In the

stage of training, @, comes from the set of {w,} and f(w)

comes from the set of {¢, }, as showed in equations (2) and (3),

2.4 Prediction in Eigenspace
Once the mapping model f(g) is built in Eigenspace. We can

make prediction with a new input data X . First is to find its
position @ in the Eigenspace by equation (6), then map its
position to new one 60' by f (60) , seeing equation (7), and last,

calculate the final output with equation (8). The equation (8) is
the reverse procedure of equation (6).

w=u"(X-X) 6)
o = () @)
X =X+ uow ®)

3. CARICATURE GENERATION

Based on the theoretical description above, we developed the
routine for auto-generating caricature. The framework is
demonstrated as the Figure 1.

The whole framework comprises of two main stages, the training
and application. The mapping model is trained ready in the former
stage and applied in the later. Both in the training and application



stages, for the normal facial photograph, we extract facial shape
parameters by ASM (Active Shape Mode), which is known well
as a tool for automatic face location in static photo. However, for
the caricature, ASM doesn’t work due to its nonrealistic property.
We need adjust the shape position artificially one by one. We
developed dedicated tool for this task, which is easy to edit the
face shape hierarchically. After automatic and artificial extraction,
the facial shapes are characterized by the feature point vectors
with 118 dimensions.

Normal Faces Caricatures New photos

v v v

ASM Shape extraction ASM + Alignment
v v v

Facial Shape Alignment Shape vector
v v v
Normal Face Caricature Projecting
Shape vectors Shape vectors in Eigenspace

v v v

Facial shape PCA Projecting Vector
v v

Facial shape Eigenspace Predicting by M
¥ v v
Normal Face Caricature New Projecting
Projecting Projecting Vector
v ¥ ¥
SVR Learning New shape
v v
Mapping Model (M) Caricature
Training Phase Application Phase

Figure 1. The framework of caricature generation

Before using the shape parameters, an important task need to do is
to align the shapes to a uniform scale, for the photographs come
from various sources. In Figure 2, the facial shape parameters are
extracted from face photograph and caricature and aligned to the
same scale. The scale is yield to the average shape, so an average
shape is calculated first. (a) is shape extraction for normal face
and caricature. (b) is the original shape data in different scale. (c)
is the average shape. (d) is the shape data in uniform scale after
alignment.

Figure 2. Demonstration of data process.

3.1 Facial shape PCA

To find the subspace and principal components of the facial

shapes, we adopt PCA to analyze those facial shapes X o As

described in section 2, an average facial shape X, is calculated

first. The shape difference d = X, —Z , the Eigenvalues
{4} and the Eigenvectors {u,}, are computed in succession.

Then, an important task is to specify the principal components.
The way is to calculate the sum of top N Eigenvalues. We get
total 300 Eigenvalues, and set N equals 17. The top 17
Eigenvalues make a contribution up to 90.72%, which is high
enough to deem that the corresponsive Eigenvectors can describe
the configure of the whole feature space. The top 17 Eigenvalues
and their contribution are listed in Table 1.

Table 1. The top 17 Eigenvalues and their contribution

Vo1 V02 Vo3 V04 V05 Vo6
6050.95 | 4267.54 | 1637.62 | 959.44 | 896.75 | 837.04
Vo7 Vo8 V09 V10 Vi1 V12
658.46 | 484.77 | 476.91 | 416.58 | 289.76 | 275.14
V13 V14 V15 V16 V17 | Sum(%)

248.75 | 236.61 | 197.55 | 17535 | 14939 | 90.72
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3.2 Caricature Generation

We collected 40 pairs of facial photographs and corresponding
caricatures, and project them to Eigenspace respectively to obtain
projecting vectors. Then, SVR is employed to learn their mapping

relationship f (@) .

Once the f (a)) is obtained, the training is over. Caricature
generation is taken place in application stage. We input a new
front facial photograph to the application routine, as described in
Figure 1. The facial shape X is extracted first by ASM procedure
in terms of an array of feature points. Alignment is followed to

adjust the shape to the same scale as the average facial shape Xa.
After that, we project the shape to Eigenspace to produce a
projecting vector (U, which is the input for the learnt mapping

model f (w) . The output @ is a new projecting vector

representing the position of the target caricature in Eigenspace. To
further get the caricature’s shape, we only need to transform the

projecting vector @ from Eigenspace to high level feature space,
as described in formulation (8).

4. EXPERIMENT

We collected 200 normal facial images and 100 caricatures from
Internet and magazine. So total 300 shape vectors are extracted
from those images after data processing. Among these normal
facial images and caricatures, there are total 40 pairs of normal
face and corresponsive caricature, which is collected for training.
PCA is applied to get principal components and the top 17
Eigenvectors are selected to construct the Eigenspace. After SVR



learning, we get the mapping mode in the Eigenspace, which is

applied for the input feature vector. Once the output X is
obtained, according to it, Thin-plates Splines [10] is adopted to
warp the face model to a new face. That is the final caricature. We
give some result in the following Figure 3. Meanwhile, we
compare our result with those generated by rule method that just
specify a single feature of the face as the warping feature. The (a)
is the original photograph, (b) is the caricature generated by single
feature warping rules and (c) is generated by our method with
multi-features being represented.

Figure 3. The experiment result.

5. CONCLUSION AND FUTURE WORK

We present a subspace mapping approach to generate caricatures
harmoniously. Two targets are reached: One is the problem of
multiple feature selecting. We adopt PCA to get Eigenspace of the
faces. The principal component in Eigenspace can cover global
feature of the face. So adjustment in Eigenspace means multi-
features are selected and operated. The other problem is the
harmonious arrangement of all feature points. The SVR approach
can learn the mapping function between normal face and
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caricature well, and confirm that the result is close to the actual
caricatures.

We would try some other mapping learning approach such as
artificial neural network, which may bring higher performance. In
addition, while transforming the shape, we need also render the
facial texture, and let the caricature approaching the artist’s
production.
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