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ABSTRACT
In this paper, we introduce a novel method of automatically
finding the training set of RBF networks for morphing a
prototype face to represent a new face. This is done by au-
tomatically specifying and adjusting corresponding feature
points on a target face. The RBF networks are then used
to transfer the muscles on the prototype face to the mor-
phed face. The automatic adjusting of the feature points on
the target face is done by Genetic Algorithms. The fitness
function used in the GA expresses the difference between
the surface of the morphed face and the target face. We also
present an algorithm to calculate this function fast.
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1 Introduction

Facial animation aims at producing realistic facial expres-
sion to enrich human computer interaction. Various tech-
niques have been introduced to animate the 3D faces, in-
cluding: interpolation ([1]), parameterizations ([2]), finite
element methods ([3], [4]), pseudo muscle models ([5]) and
physics based muscle models ([6], [7], [8]). One of the is-
sues related to these techniques is how to transfer the an-
imation from a given face to a newly created face model.
Several approaches have been proposed to transfer the fa-
cial animation, including: transferring the motion vectors
([9]), transferring the Facial Animation Table (FAT) ([10])
to a newly created face, and transferring the muscles and
using a morphed version of a prototype face to represent
the new face ([11]).

Noh and Neumann [9] have used Radial Basis Func-
tion (RBF) networks to find correspondences of a source
face’s vertices on a target face in order to transfer the an-
imation motion vectors. The RBF networks mapping uses
the specification of corresponding feature points on the two
face models. Some heuristics for feature detection are pre-
sented to reduce the number of feature points which have
to be selected manually. Mani and Ostermann [10] use B-
splines with weights to clone MPEG-4 facial animation ta-
bles (FAT) from a source face model to a target face model.
Manual selection of corresponding points between source
and target faces is required. Additional manual adjustment

of B-splines weights is also required to increase the cor-
rectness in mapping the MPEG-4 FATs, however this cor-
rectness is still not warranted. K¨ahler et al. [11] transfer
both the head model, the underlying muscle, and the bone
structure to a new face based on the interpolation of two
sets of feature points.

All the approaches above require heavy human in-
volvement to specify and adjust the correspondences be-
tween the source face (prototype face) and the target face.
Normally, it may take 10-20 minutes (cf. [11]). In this
paper, we introduce a novel method to automatic specify
and adjusting corresponding points on the two faces. We
use RBF networks to morph a prototype face to represent
a new face with the specified corresponding points. The
RBF networks are then used to transfer the muscles on the
prototype face to the target face. The automatic adjusting
of the feature points on the target face is done by Genetic
Algorithms. The fitness function used in the GA expresses
the difference between the surface of the morphed face and
the target face. We also present an algorithm to calculate
this function fast.

There are several advantages to the use of a morphed
face to represent a new face over that of the new one itself.
First, we can keep a fixed model of face with fixed number
of vertices and polygons when achieving facial animation
for different faces. Second, tags on the fixed model can
be reused, for example tags for the jaw rotation and eyelid
rotation. Third, the regions information on the face can
be reused to improve the performance of the vector muscle
and to control the animation (cf. [12]).

Section 2 gives an overview of our approach. Section
3 describes the RBF networks. An error function to assess
the difference between the two faces is presented in Section
4. Section 5 presents how the correspondences are adjusted
to minimize the error function. Finally, some results are
presented in Section 6.

2 Overview

We morph a prototype face to represent a target face using
RBF networks with pairs of corresponding feature points
on the prototype face and the target face. The feature points
on the prototype face are fixed, while we search for the
feature points on the target face to minimize the different
between the morphed face and the target face. An overview
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Figure 1. Overview of the system

of the approach can be seen in Figure 1.
We use a muscle based prototype face [12] with given

feature points. Most feature points are specified manually
except several ones that can be detected automatically to
cover all the features of the face. These feature points on
the prototype face are determined only once and are reused
for every new target face. For the feature points on the tar-
get face, we first determine several easy-to-detect points,
namely the top of the head, the tip of the nose, and so forth.
The auto-detected feature points will stay fixed while the
rest will be adjusted (for convenience let us call these non-
detected feature points). We use the auto-detected feature
points and their correspondences on the prototype face as
the training set for the RBF networks to determine the ini-
tial version of the non-detected feature points on the target
face. A morphed version of the prototype face is created
by RBF networks with the features points on the proto-
type and target face. The non-detected feature points on
the target face are then adjusted with Genetic Algorithms
to minimize the difference between this morphed face and
the target face.

3 Radial Basis Functions Networks

The RBF networks are known for their powerful interpo-
lation capability and are often used for face model fitting
[9].

For each coordinate a different RBF network is de-
fined, the transformation has the form

(x, y, z) → (RBF1(x, y, z), RBF2(x, y, z), RBF3(x, y, z))

where eachRBFi is given by

RBFi(x, y, z) =
n∑

j=1

wi,jhi,j(x, y, z)

where thewi,j are weights of the network that need to be
determined or learned on the basis of a training set. For
the basis functionshi,j we follow the successful approach
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Figure 2. The prototype face (4650 polygons)

given in [9]:

hi,j(v) =
√
‖ v − µi,j ‖2 +s2

i,j

whereµi,j is the center andsi,j is given by

si,j = mink �=j ‖ µi,k − µi,j ‖

This choice forsi,j leads to smaller deformations for
widely scattered center points and larger deformations for
closely located points.

Each of the RBF networks is trained using a set of
coordinates of feature points on the protoytpe face and the
corresponding feature points on the target face. In order
to prevent overfitting and improve generalization a regular-
ization term

∑
j w2

i,j is added to the error term for each
RBFi, cf. [13].

4 The Error Function

We assess the difference between the morphed face and the
target face by calculating the distance between sampling
points on the prototype face and their projections on the tar-
get face using Cylindrical Projection (cf. [9]). These sam-
pling points evenly distribute over the prototype face. We
ignore the neck when taking the sampling points to avoid
any unnecessary mis-fitting between a part of a head and
another head’s neck. We also ignore the back of the head
to concentrate on the front part of the head. We will now
describe how to determine these sampling points and then
present the error function.

For simplicity, we place all the faces in the same co-
ordinate system, as can be seen in Figure 2.

Let Vtophead denote the top head vertex of the mor-
phed. This vertex should also be the top head vertex
of Facetarget as the top head vertex is one of the fea-
ture points on the two heads (and RBF network accurately
mapped these feature points). Letl denote the line that goes
throughVtophead and is parallel with theY axis.

First we takem sampling planesPi which go through
l. Pi is determined by the angleα betweenPi and the plane
Y OZ:

α = i
π with i = 1..m
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Figure 3. How sampling points are located on the intersec-
tion between a sampling plane and the surface of target face
and mapped face

Each planePi intersects the surface of the morphed face
and the target face at several edges1. Let them be:

(em11, em12), (em21, em22), ..., (emNM1, emNM2)
and

(et11, et12), (et21, et22), ..., (etNT1, etNT2)
whereemkt andtmkt are vertices in 3D space.

By filling all the holes on Facetarget and
Facemapped, these edges form two continuous curves,
which can be seen in Figure 3:

em1, em1, ..., emNM

and
et1, et2, ..., etNT

Note that all these vertices lie on the same planePi.
We cut off these curves to have their starting vertices

and ending vertices having the sameY coordinatey starting

andyending. We give a big penalty to the part of the curves
that are outside of this range. We then taken sampling
verticesSMij andSTij on each of these two curves, which
are determined by theirY coordinates:

Y coordinate ofSVj= ystarting
j×(yending−ystarting)

n

It is easy to see thatSTij is the projection ofSMij onto the
target face. Other methods can also be used here to deter-
mine the sampling points on the prototype face. However,
it is time consuming to find the projections of sampling
points on the target face. For our method, the calculation to
determine the intersection between a sampling planeP i and
a face could also be painfully slow as it has to check if the
plane intersect every polygon on the face. This would slow
down the GAs process and make it impossible as for every
candidate version of the features points on the source face,
it has to calculate the error function again. We overcome
this problem by traversing from the top head vertex down
each face through the polygonal structure to find the inter-
sections between the face and each planePi. As the top
head vertex lies on the planePi, it will be the first vertex
on the curve. Let us call it the “current edge” that intersects
Pi (a point is a special case of an edge - zero length edge).
We then check the intersection between the planeP i with
only edges that are connected to the “current edge”, and
produce another “current edge”. We mark all the found

1We consider only triangular face meshes
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Figure 4. Intersections between the faces’s surface and a
sampling plane

edges to prevent going back to previous edge. This process
stops whenPi intersect no more edges that are unmarked
and connected to the “current edge”.

The error function is then described as:

E =
∑

i=1..n

∑

j=1..m

d2(SVij(mappedface), SVij(targetface))

5 Adjusting the feature vertices

We use Genetic Algorithms (GA) to adjust the non-
detected feature points on the target face to minimize the
error function. Genetic Algorithms are search algorithms
based on the process of natural evolution [14]. A Genetic
Algorithm’s problem solving approach is, basically, to rate
or to rank possible solutions as they are generated, and then
use these rankings to guide further exploration for related
solutions. For a more thorough introduction of Genetic Al-
gorithms, the readers can consult [14] and [15].

The GA process starts with a set of solutions, which
are represented as chromosomes. Each solution is a
version of the features points on the target face, which
is the modification of the initial feature points. In this
modification, each feature point is any point inside the
cube with specified length and the initial feature point as
the center (see Figure 5). Solutions from one population
are taken and used to form a new population. Solutions
which are then selected to form new solutions (offspring)
are selected according to their fitness - the more suitable
they are the more chances they have to reproduce. In this
case, the fitness function is the inverse of the error function
that minimizes the difference between the morphed face
and the target face.

The Chromosome A chromosome is a string of binary rep-
resentation of all non-detected feature points on the target
face. Each feature point is a vertex in a 3D space and
can be described by three coordinatev1, v2, v3. Starting
from an initial version of the point, numbers of versions
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Figure 5. An initial feature point and a version of it

of the point are created by modifying each parameter in a
specified range. LetRmin1, Rmax1, Rmin2, Rmax2,
Rmin3, Rmax3 be the ranges of values of these coordi-
nate. The coordinate of a feature point can be represented
as:

(p1, p2, p3)
where0.0 ≤ pi ≤ 1.0,

pi = vi−Rmini

Rmaxi−Rmini
,

vi = pi(Rmaxi − Rmini) + Rmini i = 1..3
A part of chromosome representing a feature point looks
like:

c11, c12, ..., c1n, c21, ..., c3n cij = 0 or 1
where2n is used to convert a real number between0.0 and
1.0 to a binary string2. That meansci1, ci2, ..., cin is the
binary representation of�2npi�. We concatenate the binary
representation of all feature points to form a chromosome.

The fitness function The fitness function is the inverse of
the error function:

fitness(solution)= 1

E(morphedface(solution),targetface)

Crossover We use multi-point crossover, which can
be seen in Figure 6. For multi-point crossover, several
crossover positions are chosen at random with no dupli-
cates and sorted in ascending order. Then, the variables
between successive crossover points are exchanged be-
tween the two parents to produce two new offspring. The
section between the first variable and the first crossover
point is not exchanged between individuals. The idea
behind multi-point, and indeed many of the variations on
the crossover operator, is that parts of the chromosome
representation that contribute the most to the performance
of a particular individual may not necessarily be contained
in adjacent substrings [16]. Moreover, the disruptive
nature of multi-point crossover appears to encourage the
exploration of the search space, rather than favoring the
convergence to highly fit individuals early in the search,
thus making the search more robust [17].

Mutation We start with a mutation rate of0.3. We
increase this mutation rate when error stays stable, and
decrease it when the GA process produces smaller error
(better result). This mutation rate is constrained to be in

2From our experiencen ranging between 5 to 10 gives best conver-
gence and best result for the GA
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Figure 6. Multi-point crossover

Figure 7. How the GA process converges: broken line -
solutions are replaced by their projections onto the target
face during the GA process; continuous line - projection is
used only to calculate the error function and to generate the
final solution

the range of 0.3 to 0.5.

Additional Operation We have put an additional oper-
ation to the GA process. The operation projects each solu-
tion of the GA to the target face’s surface using Cylindrical
Projection. We have tested two approaches to implement
this operation. The first approach is to replace each solu-
tion of the GA process with its projection. How the GA
converges then is shown by the broken line in Figure 7.
The second approach is to use the projection of a solution
only to calculate the error function and to generate the fi-
nal solution. How the GA converges then is shown by the
continuous line in Figure 7. As can be seen from the figure,
the first approach causes the error to decrease and converge
very fast, while the second approach causes the error to de-
crease and converge slowly. However, the first approach
seems to end up at some local minima and cannot get out
of this local minima. This happens due to the decrease of
diversity of GA’s solutions by replacing the solutions with
their projections.

6 Result

Figure 8 shows the features points on the prototype face
and the adjusted feature points on the target face. As can
be seen from the figure, the feature points on the target face
are adjusted to the right position. The morphed face gener-
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Figure 8. The features point on the prototype face (left) and
the target face (right)

Figure 9. The morphed face (left) and the target face (4142
polygons) (right)

Figure 10. Another example of the morphed face (left) and
the target face (7736 polygons) (right)

ated by RBF networks using these feature points is shown
in Figure 9. The morphed face has the overall shape, fore-
head and cheek surface, chin shape as the target face. Eyes,
nose and mouth are in correct position. The shape of the
morphed face’s lips, however, does not completely match
the shape of the target face’s lip. This is because the differ-
ence between two pairs of lips is hard to measure even if
they look very different. Another example of the result is
shown in Figure 10.

After the morphed face is created, the muscles are
also transferred from the prototype face to the morphed
face. Using these muscles, we can create facial expressions
on the morphed face, which are shown in Figure 11.

Figure 11. Facial expressions on the morphed face: sadness
(left) and happiness (right)

7 Conclusion

In this paper, we introduced a novel method of automati-
cally finding the training set of RBF networks for morphing
a prototype face to represent a new face. This was done by
automatically specifying and adjusting corresponding fea-
ture points on a target face. The RBF networks were then
used to transfer the muscles on the prototype face to the
morphed face. Genetic Algorithms were used to adjust the
feature points on the target face to minimize the difference
between the surface of the morphed face and the target face.
We defined a fitness function to assess the difference be-
tween the two faces. We also presented an algorithm to
calculate this function fast.
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