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Abstract

In this paper, we present a neural-network learning
scheme for face reconstruction. This scheme, which we
called as Smooth Projected Polygon Representation
Neural Network (SPPRNN), is able to successively
refine the polygon’s vertices parameter of an initial 3D
shape based on depth-maps of several calibrated images
taken from multiple views. The depth-maps, which are
obtained by deploying Tsai-Shah shape-from-shading
(SFS) algorithm, can be considered as partial 3D shapes
of the face to be reconstructed. The reconstruction is
finalized by mapping the texture of face images to the
initial 3D shape. There are three interesting issues in-
vestigated in this paper concerning the effectiveness of
this scheme. First, how effective the SFS provides par-
tial 3D shapes compared to if we simply used 2D im-
ages. Secondly, how essential a smooth projected po-
lygonal model is needed in order to approximate the
face structure and enhance the convergence rate of this
scheme. Thirdly, how an appropriate initial 3D shape
should be selected and used in order to improve model
resolution and learning stability. By carefully address-
ing those three issues, it was shown from our experi-
ment that a compact and realistic 3D model of human
(mannequin) face could be obtained. This result is en-
sured through quantitative measurement of average
pixel-error and vertex-error between generated model
and actual 3D data obtained by 3D scanner device.

1 Introduction

Three-dimensional (3D) face reconstruction is cur-
rently receiving a lot of attention in the Computer Vi-
sion and Computer Graphics communities. It is a fast
growing research field with many application such as
virtual reality, animation, face recognition. In all these
cases, the recovered model must be compact and accu-
rate, especially around significant areas like the nose,
the mouth, the orbits, etc. Since the earliest work in
facial modeling to more recent studies [1]-[3], generat-
ing realistic faces has been a central goal. However, this

remains as a challenging task due to the complex and
individual shape of face, and also the subtle and spa-
tially varying reflectance properties of skin.

Artificial neural networks (ANNSs), have shown con-
siderable promise in a wide variety of application areas,
and have been particularly useful in solving problems
for which traditional technique have failed or proved
inefficient. Typically, NNs have been shown to be par-
ticularly suitable (and have been used extensively) for
pattern recognition problems, namely classification,
clustering and feature selection. ANNs are also utilized
for many other tasks, like optimization, prediction, con-
trol, and, more recently, data mining and information
retrieval. However, there are still very few studies about
the used of NNs for shape representation or surface
reconstruction. Rather than directly used NN for recon-
struction problem, Braines [4] used NN only to evaluate
and verify the reconstruction result of volume rendering
technique. Even though NN has been involved further in
shape reconstruction process as shown by Cho [5] in the
development of a hybrid structure of feed forward NN
and radial basis function NN to optimize reflectance
model, the recovery of 3D object shape using this opti-
mized model is still be accomplished by ordinary shape-
from-shading techniques. There are still not many litera-
ture which directly utilized NN for surface reconstruc-
tion. Among those literature, Wei [6] proposed a
method of shape-from-shading by using radial basis
function to parameterize the object depth, and in [7],
Iwahori has pursued NN implementations of photomet-
ric stereo by estimating the unknown parameters in-
cluded in the reflectance function and surface gradient
distribution using error back propagation learning.

Recently, we developed a unique NN scheme [8] that
could store and represent vertices of 3D polygonal ob-
ject shape. By comparing the projected images of the
model (as the outputs of the NN) with the real images
taken from different views, the vertices of the object
model in 3D space are updated using error back propa-
gation method to approximate the actual 3D object
shape. The design setting of updating the NN parame-
ters based on images instead of based on 3D geometri-
cal structures, was inspired by image based rendeting
techniques [9] that recently caught many attention.
These techniques representing a scene as a collection of
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images, and new images are generated from real images.
Even though these techniques could avoid difficulties in
modeling geometry and photometry of the scene, they
need the acquisition of a large number of images. Here
in this study, provided with only several images, we
take the depth-maps from those images by deploying
Tsai-Shah SFS algorithm. We treat the depth-maps as
partial 3D shapes to be fused by the NN scheme.

There are three distinguished characterizations of the
behavior of our scheme, which were not covered in the
previous report. First, that is the use of depth maps as
partial 3D shapes instead of images. Secondly, there is a
significant shortcoming of our previous work; the NN
scheme could only generated ‘flat” projected polygonal
model as its output. We believe that this flat model
could only provide a rough and poor approximation of
the face to be reconstructed. Hence, in this study we
enhanced the NN scheme by deploying a smooth shad-
ing module to post-process the output of NN. Thirdly,
because a very suitable and potential initial 3D shape,
which close to the desired solution could only be gener-
ated by expensive and sophisticated techniques, we
currently pursue the use of several low-cost initial shape
models and compared the result with our previous work.

2 Tsai-Shah SFS

Despite recent advances in depth estimation, e.g.,
range sensors or stereo vision, SFS remains an impor-
tant alternative means for estimating shape. This is
because, range sensors have limited acting range, and
stereo relies heavily on textured regions. SFS comple-
ments such methods just in these aspects.

Algorithms for the recovery of shape from shading
have been extensively investigated, where the perform-
ance of some representative algorithms were compared
and analyzed [10]. It was reported that generally, the
global minimization techniques yields a very good re-
sults, while the local approaches tend to have more error
but a lot faster. In this report, we use the Tsai-Shah SFS
algorithm [11], which is a very fast technique belong to
the local approach, assumes a linearity of reflectance
map in term of depth.

Tsai-Shah employed the discrete approximations of
p and g, using finite differences in order to linearize the
reflectance map in terms of depth Z. The reflectance
function for Lambertian surfaces is:

S Pi; =8y4qi; tS:

i+pl+al;

Using the following discrete approximations for p
ad g, p=Z;;,-Z and ¢=Z2;;,-Z the
depth map at the n-th iteration, can be solved directly:

R(pi,jvqi,j)= (L

i-1,j foj=loe
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The initial estimate of Zi(? j is set to zero for all

pixels, Gaussian smoothing is applied to the final depth
map to get a smoother result. Note that depth is com-
puted by using a simple division without any matrix
inversion (2). This is a simple but efficient algorithm. It
was reported that the result of this SFS algorithm works
well on smooth lambertian objects with the light source
close to the viewing direction. However, it has problems
with self-shadows and special care is needed to avoid
division by zero.

In this report, the face to be reconstructed is a rep-
lica of a smooth human (mannequin) face, assumed to
have constant albedo. The object is viewed from three
different views with slant angles 0, -45, +45 degrees,
with the source location (0.01, 0.01, 1). The images of
the face and its corresponding depth-maps (partial
shapes) are shown in Fig. 1.

Figure 1. Three different views and its depth maps

3 SPPRNN Scheme

Recently, we developed a 3D shape modeling’ sys-
tem using the shape’s multiple views to determine the
polygon parameters [8]. In current development, we
deploy Tsai-Shah SFS processing both to the input im-
ages and also to the NN output images in order to re-
construct the face based on depth maps instead of im-
ages. Since the previous NN scheme could only gener-
ate flat shaded model, we set a fast Gouraud smooth
shading module to post-process the output of NN. As a
whole, we named this enhanced neural network setting
as SPPRNN (Smooth Projected Polygon Representation
NN). The scheme of SPPRNN for our 3D face recon-
struction system is depicted in Fig. 2.

The main part of SPPRNN is PPRNN (Projected
Polygon Representation NN), which has three kinds of
parameters, i.e., vertex parameters, color parameters,
and camera parameters. Before the PPRNN could start
to learn, the camera parameters must be set at first. Then
the vertex parameters and color parameters are updated



during PPRNN’s reconstruction-learning process.
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Figure 2. The SPPRNN learning scheme

The PPRNN is able to represents 2D shape of po-
lygonal object as its output. A polygon is formed by
triangles. A triangle is formed by three straight-line
edges. Following this way, a PRNN (Polygon Represen-
tation NN) could be constructed by combining a number
of TRNNs (Triangle Representation NNs) for triangles
representation. Each of TRNN consisted of three
ERNNs (Edge Representation NNs) for straight-line
edges representation forming the triangle. We could
project 3D vertices into 2D plane by attaching the Pro-
Jject Unit to the PRNN, hence forming PPRNN.

Basic operation of this PPRNN could be explained
as follows. For an input pixel location (x, y) we have to
determine the output F (x, y). In determining this output
pixel value, we have to find out whether this pixel is
inside or outside projected polygon area. If it is outside
we defined its output to be g, If it is inside then we
have to find out to which triangle it is belong. After this
triangle is found, we have to determine to which side it
is belong. Then the output pixel value is assigned to gi,.
While for every triangle, the output pixel values inside
its area were set to gi,; the output pixel values outside its
area are set to ggqe; (j=0,1,2) since every triangle adja-
cently has three neighbors.

In the ERNN, consider [x, y] T as it’s input part,
while f (x, y) is output part. vo = [xo, yol " v1 = [x1, yiI”
are called as vertex parameters. A line [/ is created from

the 2 vertices. g, =[r+,g+,b+]T, g-=[r_,g_,b_]T

are called as color parameters. The input of ERNN is
image’s coordinate value [x, y]’, and the output is a

pixel value f (x, y) = [r, g, b]" at the corresponding co-
ordinate that is defined in equations below:

’
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)
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o X1 Yo — X))
l=—l-——l' (@)
a=g. 8- ©)
p=g. (©
d(x,y)=ax+by+c (7
s(x,y) = sigmoid(d(x,y), ) (:
f,y)=s(x,y)a+p U

We attach a Transform-Unit to each ERNN. This
unit’s task is to transform the 2 points vy, v, to straight-
line parameter I = [a, b, c]”. Since the straight-line pa-
rameter [ is normalized such as a” + b = 1, d(x, y) of the
Eq. (7) state the distance between point (x, y) and

straight-line /. The output is near to g, value at correct-

area, and near to g_ value at the false-area.

By combining the structure of three ERNN above, a
TRNN could be defined. The parameter setting in
TRNN include all ERNN’s parameters added with two
additional color parameter, i.e., g, and g, . For

further explanation about TRNN learning, PRNN, and
PPRNN, please refer to [8].

3.1 Learning Algorithm

The camera parameters of n-th image G . LcH R("),
T, A™, are computed from correspondence points with
other images using e?ipolar constraint. After the camera
parameters: R™, T™, A™, are set, the neural network
will throw out the value of its output )

The color parameters g; are learned as follows. The
projection region of triangle T is P;( cRH(=0,12.).
The region, which is not included in one of triangle
projection region, is set as Py (< R°). In each step of
learning, g; is revised to the average pixel value of re-
gion P; in the teacher image.

The vertex parameters V; are learned using ermor
back propagation rule. After appropriate initial values
are given, the error evaluation function E is defined by
measuring the difference between depth value in the real
(teacher) image G™ (x, y) with the depth value of neural
network output Fv (x, ). Until this error E is become
small enough, V; are learned. This learning is performed
by iteratively compute the gradient descent following
equation below:

oF
iV
k

Where 77 learning rate constant, a small positive real

(k=12,---,K). (10)‘.

value. The evaluation function E is defined as follows:
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e™(x,y) =[F™ (x,5)-G" (x,7) (11)

1

)z b (n)
2=t ) (12)
X,y

1
E==—Y " (13
23 )

Where S™ is the number of pixel in n-th image. N is the
number of images used for learning. ¢™(x, y) is the sum
squared error between n-th depth map of neural network
F™ and n-th depth map of teacher image G™ at location
(x, y). The average of this error over all the images is the
evaluation function E

From Eq. (10)(11), we could determine

o 1 1 9e™ (x,y)
— ey
v, N Z §m XZV: ov, ae

If 9™ (x, y)/aVk could be found, the vertex V, in

(8) could be learned. de™ (x,y)/oV, is back- propa-
gated signal determined using back propagation learning
nule, that is the input in backward direction to the output
F" of neural network. Hence the backward signal is
%™ (x, y)/aF ®x ).

For the ERNN learning, the de/dv, could be
found by observing the propagation of backward signal
after the coordinate value [ x, y ]” is set. When Af is

put into the output nodes in backward direction, this
neural network will operate such as

a T
Ay, =i— k=01 @15
o,
IS set into the vertices parameters v, ( k=0, 1 ). There-
fore, if the partial input of backward flow

isAf =de/df , and the vertices parameters vy (k = 0, 1)
are updated by backward signal Av, :
T i
9
Avk = g— Af — f k == _ae__
o, v, of v,
At this backward step ERNN operates as Eq. (8),
where each unit is passed by backward signal, presented
by equations below:

k=01 (16)

of T ™
AS=§—Af=Of MN=@.-eg) N a7n
osT
Ad=—As=a d(1-d)As (18)
od
T
Al=~ad—Ad=£TAd (19)
ol
i
a9
ol
I
a’ (20)
] b
1/01'2+b'2

& 0 1
el B i My @1
v, e 0]
T 0 1
i o 0 |ar. 2)
o, —1 =0

Provided that ¥ =[x, y,1]°. The backward input sig-
nal is:

de
Af =—= -G 2
\f P 2(f-6) (23)

For next learning step in TRNN and PRNN, please
refer to [8].

3.2 Smooth Model

The color parameters decision at each TRNN, have to
follow two constraints. First, the only way to determine
the color parameters of the TRNN is to set the parame-
ters based on the average intensity of the teacher image
across an area, which corresponds to the area of TRNN.
Hence, we have to put the output value of PPRNN in the

teacher image’s rgb frame, wherea =g +—&_ gives

contrast while B =g_ gives base-intensity as shown

in Eq. (5-6).. Secondly, in order to present hard straight-
lines using ERNN, we have to make the sigmoid func-
tion to approach a step function (certainly, without loos-
ing its continuous and differentiable property that are
needed by PPRNN learning). Following these two inevi-
table constraints, we could only assign a single intensity
value to the whole area of a triangle. A reasonable way
to alleviate this shortcoming is to post-process the
PPRNN output intact. Therefore, we developed a
smooth (Gouraud) shading module, which linearly in-
terpolate the color parameter inside a triangle based on
the color at the vertices.

3.3 Initial 3D shape

Currently, we pursue the used of low-cost initial 3D
model without user’s intervention. We used and com-
pared globe-model and icosahedron-model as initial 3D
shapes. Both model are low-cost since their vertices
could directly be set analytically. In the purpose of using
this model for our initial 3D shape using SPPRNN, the
globe model has three drawbacks. First, the faces are
unequal in size and have different shapes. Second, it has
anisotropic appearance. Third, there are some possibly
unresolved areas at the poles that can cause the
SPPRNN to be unstable. This may even get worst when
we tried to increase the model resolution. Hence, further
model resolution enhancement becomes impossible. The
projected polygonal model using higher resolution could
be generated if we use icosahedron model.



4 Quantitative Evaluation

The evaluation of the effectiveness of the SFS tech-
nique in providing partial 3D shape of the face to be
reconstructed, need to be quantitatively measured. For
this purpose, we extract the actual 3D shape as reference,
using 3D scanner device. We measure average vertex-
error and pixel-error of 3D reconstructed model by
using SFS (depth-based) and also without using SFS
(images-based), compared to the actual 3D data. Both
vertex-error and pixel-error simultaneously define the
term of ‘realistic ness’ of the reconstruction. Since this
data has different scale, resolution, and alignment, an
appropriate normalization should be performed before
evaluation process

The measurement of average vertex error is
performed as follows. Since vertex resolution of 3D
reconstructed result is much less than actual 3D data,
there is no one-to-one correspondence between those
vertices. This make the quantitative measurement
become uncertain and difficult. In our present study, for
every vertex in the reconstructed model, first we have to
find the nearest vertex in the actual 3D data. We
assumed that the reconstructed face should be convex,
and there is only one closest reference vertex for every
vertex of the model. Then we could measure the average
vertex-error as:

1 N, N,

Emor Z(v,.—vj)2 N, <N, (4
m =] j=I

[ v =V, | = min [vi-vi| (25)

where N,, and N,, are number of vertex in the recon-
structed model and actual 3D data respectively. V,, are
the nearest model’s vertex to the actual 3D data v; .

S Result of Experiment

The first experiment was to measure the effective-
ness of SFS compared to the reconstruction result with-
out using SFS (plain images). Images from recon-
structed face after 1000 iterations viewed from two
different poses are presented in Fig. 3. Using Tsai-Shah
SFS was experimentally shown a more compact and
realistic reconstructed face. Even though there are still
some little defects around nose, the areas around chin,
forehead, and orbits are more accurately joined. Pres-
ently, we have also analyzed and compared several SFS
algorithms, e.g., Bischel-Pentland (propagation) and
Zheng-Chellappa (minimization) approaches. This
analysis suggests some encouraging results.

The qualitative measurement above is assured by
following quantitative evaluation of three aspects (Table
1), average pixel-error, average vertex-error, and also
their computational time needed for total reconstruction.
The unit scale for pixel-error is unit pixel scale between
0 — 255.0. The unit scale for vertex-error is unit scale

between 0 — 1, where the vertex-error 1 indicating the
farthest vertex position from origin. The computational
time is measured in minutes scale.

Image-based | SFS-based
Average pixel-error 38.7 28.0
Average vertex-error 0.074 0.014
Computational Time 25 26.5

Table 1. Quantitative measurement on 3D recon-
struction results after 1000 iterations

The second experiment was to measure the effec-
tiveness of smooth shading post-processing. Since now
we have two kinds of output, i.e., flat output and smooth
output, we proposed three schemes to measure this
smooth shading. First is to use only flat output in the
learning of the PPRNN. We called this first scheme as
‘without smooth’ scheme. Secondly, we use both flat
and smooth output, then we called this scheme as ‘with
smooth’ scheme. Thirdly, we use only smooth output
and we called this as ‘only smooth’ scheme. The eror
profile of those three schemes, are presented simultane-
ously in Fig. 4. Confirmation through reconstruction
result after different iteration is given in Fig. 5.

Figure 3. Result of reconstruction with SFS (left images)
and without SFS (right images)

It was shown from the error profile Fig. 4, that ‘with
smooth’ scheme could converge faster compared to
‘without smooth’ scheme. However, the ‘only smooth’
profile caused instability after around 200 iterations and
it also shown hard to converge. These results were ex-
actly confirmed by the reconstruction results in Fig. 5.

The third experiment was to measure the effective-
ness of icosahedron-model in stabilizing the SPPRNN
learning. It was shown from Fig. 6, that icosahedron-
model drive the system to converge faster, and more
stable, even though involved less number of triangles
and vertices.

6 Conclusion
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A new approach for reconstruction of face from
shading using a unique NN design has been described.
Using this approach, a fast and realistic face modeling
could be achieved, even though only a very limited set
of images is available. We conducted three measure-
ments on the effectiveness of SFS, smooth shading, and
icosahedron-model on the this NN learning. In order to
obtain a more compact and realistic result, and also
faster to converge, and more stable reconstruction Sys-
tem, we need to carefully consider those measurement
results. It was both qualitatively and quantitatively
shown that SFS could be effectively used to ensure our
neural network to converge, which otherwise impossible
if we used only 2D images. For future study, we believe
that the smoothness constraint as the basic assumption
of SFS techniques, should be effectively conformed by
the underlying representation neural network. For this
reason, currently we are extending this system for
smooth surface patch representation, e.g., Bezier and
Spline.
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effectiveness of smooth shading post-processing
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Figure 5. Reconstruction result of the three schemes,
‘without smooth’ (upper row), ‘with smooth’ (middle
row), and ‘only smooth’ (lower row)
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Figure 6. The error profiles (normalizéd SSE) compari-
son between icosahedron and globe models



