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ABSTRACT. This study develops a 3D facial reconstruction system in which the perspec-
tive projection model is approzimated by applying a factorization method to the piecewise
orthographic projection model. The proposed system comprises five modules. The first
and second modules reconstruct the 8D facial surface using a factorization method based
on an orthographic projection model. However, the facial video is taken based on the
perspective projection model rather than an orthographic projection model. Thus, to
compensate for the difference between the two models, the third module is developed to
approzimate the perspective projection model by dividing the 3D facial surface into small
groups and then reconstructs each group in orthographic projection module. These re-
constructed results are then integrated to form a complete 3D facial surface, which is
almost as accurate as the reconstruction result using a perspective projection model. The
fourth module implements a novel smoothing process for the 3D facial surface by inter-
polating additional vertices from the vectors of the existing 3D vertices. Finally, the fifth
module utilizes a new solution to overcome the missing point problem, which is caused
by occlusion at high pan rotation angles, commonly arising in 3D reconstruction appli-
cations. The experimental results show that the proposed system achieves a promising
result within a relatively short time.

Keywords: 3D reconstruction, Shape from motion, Factorization, Orthographic pro-
jection, Perspective projection

1. Imtroduction. 3D structure modeling, in which 3D information is acquired from 2D
data, provides the means to analyze the reconstructed 3D object under any view angle,
to realize its 3D geometrical structure, and to render a more realistic and livelier view
than that obtained in the 2D image plane. Accordingly, 3D modeling has widespread
applications in many areas, such as medical diagnosis, robotic vision, navigation, build-
ing construction and simulation, and human-computer interaction. Of the various classes
of 3D structure modeling, 3D facial reconstruction has attracted particular attention in
recent years for applications such as human animation in the entertainment industry
and user-friendly human-computer interaction. In [1], a method was developed for con-
structing 3D facial models by means of laser scanners. The reconstructed models were
highly accurate. However, the computation process was time-consuming and the scanning
equipment was extremely expensive. As the cost of digital cameras continues to fall, an
increasing number of researchers have proposed methods for recovering 3D information
from 2D photographic images using computer vision or machine learning techniques. Most
existing 3D facial reconstruction algorithms are based on a single image [2] or a set of
images taken from known (or unknown) camera viewpoints [3]. However, when using a
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single image, insufficient information is available to permit an accurate 3D reconstruction.
Similarly, when using multiple images, it is necessary to solve the problems of identifying
the corresponding points in neighboring images, overcoming the missing point problem
caused by occlusion, and estimating the extrinsic parameters of the camera.

In the Bundle Adjustment (BA) approach [4-7], the 3D reconstruction problem is
treated as a minimization problem in which the objective is to minimize the distance
between the actual 2D feature point locations and the estimated locations obtained by
projecting the corresponding 3D point locations to the 2D plane. By using the Levenberg-
Marquardt (LM) algorithm, they can optimize both the parameters of the 3D camera
motion and the shape of the 3D object. However, when utilizing the LM algorithm in
BA-based 3D reconstruction methods, it is necessary to manipulate an extremely large
inverse Hessian matrix, and thus the solution procedure is very time-consuming. There-
fore, the authors in [7] proposed a local optimization process to accelerate the solution
process.

3D shape reconstruction is commonly performed using a class of systems referred to as
“Shape from X”, where X denotes a physical property such as shading, focus or motion.
Shape from shading (SfS) methods [2,8-11] enable the reconstruction of 3D shape provided
that the scene or object satisfies the Lambertian reflection model. However, in practice,
not all scenes or objects satisfy this constraint. Accordingly, various researchers have
turned to develop Bidirectional Reflection Distribution Functions (BRDFs) as a more
general representation of the reflection model for 3D reconstruction purposes [12-14].

In shape from focus (SfF) methods, a sequence of images containing a focused region
of the imaged object and an unfocused background is taken while the focus setting is
progressively changed in incremental steps. SfF methods comprise two basic functions,
namely a focus measurement function (e.g., Sum Modified Laplacian (SML) [15], Cross
Sum Modified Laplacian (XSML) [16], moment of DCT coefficient [17], or ratio of wavelet
coefficient [18]) and a smoothing function used to reduce the error caused by a false-
determined focus value (e.g., Gaussian distribution [16] or Bezier-surface [17,19]). Since
SfF methods utilize the focus value to estimate the 3D information, the depth of field
must be very small. Accordingly, in implementing SfF methods, special image capture
devices such as microscopes [15,17-19] or a holographic camera along with a CCD sensor
[16] are required.

Shape from motion (SfM) methods solve the 3D reconstruction problem using a factor-
ization approach [3,20-24]. By introducing the rank constraint and factorizing by singular
value decomposition (SVD), factorization approaches based on orthographic [3], weak-
perspective [20], or para-perspective [21] projection models factorize the location matrix
of the 2D feature points in different image frames to the 3D rotation matrix of the 2D
image frame and the 3D shape matrix of the object, respectively. In the method proposed
in [22], both the 3D rotation information of the object and the 3D shape of the object were
recovered by means of a perspective projection model. However, SfM methods generally
acquire a less dense depth map than SfS or SfF methods since it is difficult to find the
corresponding feature points with dense 2D feature points.

The literature contains many other techniques for solving the 3D reconstruction problem
besides those described above. For example, in [25], the 3D object’s shape is reconstructed
using a Bayesian MAP technique, while in [26], 3D reconstruction is achieved using a graph
cut method. Both methods yield convincing results. However, their respective models are
more complicated than those used in the methods described above.

All of the methods described above are intended for the reconstruction of static or
rigid objects. However, in recent years, various algorithms have been proposed for the 3D
reconstruction of non-rigid objects over a sequence of images [27-29]. Generally speaking,
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FicUure 1. Workflow of the proposed 3D facial reconstruction system

such algorithms model the 3D shape as a linear weighted combination of a set of shape
vectors, such that different shapes can be modeled by assigning different weights.

The present study proposes a method for the efficient reconstruction of the 3D human
face using a web camera and a personal computer. In performing the reconstruction
process, an assumption is made that the head rotates in the pan-rotation direction without
non-rigid motions, such as facial expression. This assumption is consistent with the
general environment setting in multi-frame 3D reconstruction algorithms [3-5,21], and is
much simpler than that in [16]. Since the proposed method is implemented using a web
camera, a SfF reconstruction approach cannot be applied because the very small depth of
field required by such approaches cannot be achieved. Accordingly, a SfM factorization-
based method is used since such methods are not only more straightforward to implement
than BA approaches, but also achieve a more accurate reconstruction result than SfS
approaches. There are three contributions in the proposed approach. The first one is
that a divide and counter reconstruction method is proposed by dividing the 3D facial
surface into small groups and then reconstruct each group by using factorization approach
based on orthographic projection module. Then, the reconstruction results of all groups
are integrated to form a complete 3D facial surface, which is almost as accurate as the
reconstruction result using a perspective projection model. Second, a novel smoothing
method is proposed for giving the surface of the reconstructed face a denser, smoother
and more realistic appearance by interpolating additional 3D vertices on the facial surface
from the vectors of the existing 3D vertices. Finally, a new divide and conquer solution is
proposed to overcome the missing point problem, which is caused by occlusion at high pan
rotation angles, commonly arising in 3D reconstruction applications. The image sequence
is divided into 3 segments, and there is no occlusion problem within each segment. We
can reconstruct each segment respectively and then integrate these reconstruction results
together to form a complete 3D model. This article is organized in the following way. In
Section 1, the related 3D reconstruction methods are given from the literature. And in
Section 2, the proposed 3D reconstruction method is described in detail. Section 3 presents
the result compare with different existing approaches. Section 4 is the conclusion of this
study.

2. 3D Facial Surface Reconstruction System. As shown in Figure 1, the 3D facial
surface reconstruction system proposed in this study consists of five modules. In the
first module, a series of facial images are compiled as the face rotates in the pan-rotation
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FIGURE 2. Rotation of (a) facial model and (b) real face in pan-rotation direction

direction. Certain feature points are automatically located in the first image frame by
adopting the approach in [30] and are then tracked over the remaining frames using an
optical flow technique [31]. In the second module, a factorization approach based on an
orthographic projection model [3] is applied to reconstruct the 3D face. In the third
module, the perspective projection model of the 3D face is approximated by integrating
the piecewise orthographic projection models. In the fourth module, an interpolation-
based smoothing method is applied to give the reconstructed 3D face a smoother and
more realistic appearance. Finally, in the fifth module, a method aimed at resolving the
missing point problem in 3D reconstruction applications is applied in order to reconstruct
the complete 3D face.

2.1. 1% module: compiling successive facial images and finding corresponding
points. In the reconstruction method proposed in this study, a web camera is fixed
in front of the subject at a distance about 40 ¢m and is used to capture a sequence
of facial images as the subject gradually turns the head in the pan-rotation direction
without non-rigid motions (see Figure 2). Note that the image sequence is intentionally
captured by rotating the head in front of a stationary camera since this approach is more
convenient than rotating the camera around the still head. And when the distance from
the camera to the face of the user is around 40 to 45 cm, the face occupies around 3/4
of the image and is of a sufficient size to permit the accurate tracking of the feature
points. Having acquired the sequence of facial images, various facial feature points are
automatically located in the first frame of the sequence using the Direct Combined Model
(DCM) method [30]. An optical flow technique [31] is then used to track the selected
feature points over the remaining image frames in the sequence. In general, tracking
errors may occur for feature points located in textureless regions of the face, such as the
cheeks and chin. This problem is commonly resolved by increasing the size of the tracking
window in order to include a sufficient amount of texture information, or by applying a
manual correction procedure. While both methods successfully improve the quality of the
reconstruction results, they also increase the amount of computing resources required and
delay completion of the tracking procedure. A Delaunay Triangulation scheme [32,33]
is then applied to construct 2D triangles from various feature points. The following
factorization process, these triangles are used to construct corresponding 3D polygons, in
which the position of each vertex m is defined as (., Ym, 2m) in the 3D facial (i.e., 3D
world) coordinate system.
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2.2. 2"d module: factorization process based on orthographic projection model.
In the proposed system, the 3D face is reconstructed initially using the factorization ap-
proach based on the orthographic projection model [3]. The orthographic projection model
is far simpler than the perspective projection model [20-22], and it involves first locating
the centroid of the 3D feature points (or 3D shape) of the object and then specifying the
3D centroid point as the origin of the 3D world coordinate system. A point matrix W is
then created comprising the locations of N corresponding 2D feature points over F' facial
image frames. Finally, the point matrix W is factorized into the rotation matrix R of
the 2D image frames and the 3D shape S by applying the singular value decomposition
(SVD) algorithm. The 3D shape S obtained by the factorization method [3] is referred
to hereafter in this study as the factorization result.

2.3. 34 module: approximating to perspective projection model. As described
above, the facial reconstruction method proposed in this study is based on the ortho-
graphic projection model. However, the web camera used to acquire the facial images is
based on a perspective projection model. Therefore, if the orthographic model is to pro-
vide an accurate approximation of the perspective model, the ratio of the object depth,
Ad, to the distance between the camera center and the object, d, must be very small,
i.e., Ad < d [34]. Clearly, if the value of Ad can be reduced (note that d is determined
when the facial images are recorded), the ratio Ad/d is also reduced. As a result, the
reconstruction result obtained for the depth of each vertex on the facial surface, z,,, will
be improved. Accordingly, in the third module of the proposed reconstruction system,
the 3D facial shape S obtained by the factorization process is divided into n groups (or
layers) g1, go, - - ., gn along the z-axis direction using a vector quantization (VQ) clustering
method [35]. In other words, the 3D facial shape S is described by S =¢g; Jg2UJ---Un
and |g;(giz1| > 4 for 1 < i < n — 1. In practice, a trade-off must be made between
the number of groups or clusters and the accuracy of the 3D facial reconstruction results.
Therefore, applying VQ by setting the requirement for minimum number of feature points
within each group for grouping, we do not have to worry about how to determinate the
number of the groups.

Each group, g¢;, has its own coordinate system and consists of a minimum of 4 recon-
structed 3D feature points. In general, registering two 3D coordinate systems requires
the presence of at least 4 common points in the two coordinate systems in order to solve
the 12-parameter rotation and translation transformation matrix, i.e., |g;[)gis1| > 4.
Applying the factorization approach proposed in [3], the 3D reconstruction result g for
each group is constructed from a set of corresponding 2D projection points p;. In other
words, p; is factorized into r}g;, where r; is the rotation matrix of group i. We say that the
reconstruction results g, are reconstructed by piecewise orthographic projection model.

As stated above, each group g¢; has its own 3D coordinate system. However, to recon-
struct a complete 3D face, it is necessary to register all of the groups into the same 3D
coordinate system. The group registration procedure performed in the present study can
be summarized as follows:

1. Neighboring groups g; and g;,, have overlapping regions 0;;41y in g; and o(11); in

i1, respectively. Therefore, the 12-parameter transformation matrix 7 between
Oi(i+1) and O(i+1)i has the form

(1)

2. Transform the coordinate of g;,, into that of g; as g, using the transformation
matrix, i.e., g/, = 79},

R3><3 T3><1 ]

Oi(i+1) = TO(i+1)i> where 7 = |: 0153 1
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FIGURE 3. (a) Point p,, in the image plane represents the 2D projection
point of both the 3D reconstructed point s/ in the orthographic model
and the 3D object point O, in the perspective model; (b) difference Ay
between the reconstruction results in the y-axis direction obtained from the
orthographic and the perspective model, respectively; (¢) determining the
camera focal length f

" !/ : / Al
3. Denote g/, as g; 1, i.e., g; 1 = g1

4. Increase ¢ by 1 for the next group and return to Step 1. Repeat Steps 1-4 until ¢
equals n.

Once all n groups have been registered, the reconstructed 3D facial model (or facial
shape) is described by S" = ¢{ JgbU---Ug,. In other words, the reconstructed depth
zm of each vertex in the 3D S’ is more accurate than that in the original model S. The
VQ clustering procedure is then applied to the reconstructed 3D facial shape S’ and the
clustering results are compared with the previous results. If the samples in any cluster
are changed, the clustering and registration procedures are applied once again to S’. The
procedure is repeated iteratively in this way until no change in the samples in any of the
clusters occurs.

Having improved the depth value z,, of each vertex in the 3D object, the accuracies
of the x- and y-coordinate values of each vertex should also be improved. Analyzing the
reconstructed 3D facial model S’, it is found that the z- and y-axis components of the
3D coordinates s, (x!,,yl., 2m) of every vertex S] in S are virtually identical to those
of the corresponding 2D projection point pp,(tm, vpm), i.e., x, = u, and y,, = v, (see
Figure 3(a)). This finding is reasonable since the factorization approach is based on the
orthographic projection model. As shown in Figure 3(b), z!, = um, v, = v, holds for
the perspective model when both the 3D object and the 2D image plane are located at a
distance of twice the focal length f from the origin of the camera coordinate system [36].

As shown in Figure 3(c), the focal length f of the camera can be calculated from the
reconstructed 3D coordinates of each vertex s/ (z!.,y!., zy,) in S" and the rotation matrix
R. Let s/, and s/, be two vertices in S” and let p,,; and p,; be the projection points

of s/, and s, respectively, in the 2D image plane. Furthermore, let 7;, and T,, be
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the translation vectors as vertices s/, and s, in frame r move to vertices s/ , and s/,
respectively, in frame r + 1 in the 3D space. In addition, let d,, and d,, be the translation
vectors as feature points p,,; and p,; in frame r move to feature points p,,» and p,s in
frame r+1, respectively. Finally, let D,, and D,, be the depths of s/ | and s/ ;, respectively,
in the camera coordinate system. It can then be shown that

T T,

In the orthographic projection model, the values of D,,, and D,, are unknown. However,
the relative depth between them can be calculated because the 3D position of each vertex
in S” is known. Thus, the focal length f can be derived as

A,

f=(Dmn— Dn)m (3)

From Figure 3(b), it can be seen that the reconstructed vertex s/, and the actual vertex
Sm have an error Ay in the y-axis direction, i.e.,

1 Am
Ay = ymﬁ (4)

Therefore, the improved value y,, for vertex s,, is obtained as

Y Zm
2f (5)

Similarly, the improved value z,, for vertex s, is expressed as

Ym = Y + Ay =y, +

Izm

2f
Therefore, the final result for the coordinates of vertex s,,(Zm,Ym,2m) is obtained by

applying (5) and (6). The facial surface obtained from this improved reconstruction
module is referred to hereafter in this study as the improved result.

Tm =2, +Ax=2a +

(6)

2.4. 4*" module: smoothing 3D facial surface. In general, the higher the density of
the 3D feature points in the facial image, the smoother the appearance of the reconstructed
3D facial shape. However, a high feature point density may cause tracking problems in
that some points may be erroneously matched with one of their neighbors. Therefore, in
the 3D facial reconstruction system proposed in this study, a small number of 2D feature
points are used initially to create a draft 3D facial model containing only a limited number
of polygon vertices. Each polygon of the mesh is a flat plane. However, the surface of the
real face is curved. Therefore, a novel smoothing method is developed in which additional
vertices are interpolated from the original vertices of the improved result.

In applying the smoothing process to the surface of the reconstructed 3D facial model,
all of the flat planes on the 3D surface are transformed into curved planes by interpolating
additional 3D vertices, e.g., vertices D, E, F and G in Figure 4(b.2). As a result, the
surface takes on a more smooth and realistic appearance. Each polygon m in the 3D facial

model S has a normal direction N, and each of its vertlces v 1s a common vertex of n

neighboring polygons. Therefore, the normal direction N of each vertex v is the average
normal direction of the n nelghborlng polygons. As shown in Figure 4(a.1), vertex B on

edge BC has a normal direction Ng; vertex C has a normal direction No. Therefore,
the vector Npp lying on the plane formed by NB and @ can be found by solving the
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(2)

(M)
(b)

FIGURE 4. (a) Example of smoothing method and (b) smoothing result
obtained for each polygon in 3D space

following equations:
— —
NPB [ ] NB =0 (7)
— [
Nes o (Ns x BC) =0

—
Similarly, vector Npc can be found by solving the following equations:

@'@:0 (8)
NPC.(NCxC?) — 0

— —
Having found vectors Npp and Np¢, the corresponding planes, i.e., Pg and Pg, re-
spectively, can be determined. As shown in Figure 4(a.2), Pp is a plane with a normal

direction Npp and passing through B. Similarly, Py is a plane with a normal direction
Npc and passing through C'. Assume that planes Pg and Pr intersect at line L. Point M
on edge BC and line L form a plane Pp with a normal direction Npp (see Figure 4(a.3)).

—
The vector Ny, i.e., the normal direction vector of point M lying on plane Pp, can be
found by solving the following equations:

— = —
{ Nar = aNg + (1 — ) Ng .

— —

NM [ J NPD =0
where « is a scaling factor with a value in the range 0 < o < 1 and is used to control the
relative weights of Ng and N¢. Finally, the vertex D can be determined from

MD = BNy

0 0
d(D,L) = d(B, L) G faZ +d(C, L)H1 Ji 7

(10)




3D FACIAL SURFACE RECONSTRUCTION 815

where [ is a scaling factor with a value of § > 0 and d(X, L) is the distance from
X to L, where X denotes vertex B, C' or D. Equations (7) to (10) can be used to
obtain interpolated vertices £ and F on edges CA and AB, respectively, in a similar
manner (see Figure 4(b.2)). Note that point M in Figure 4(a.3) represents the mid-point
of the interpolated vertices D, E and F. To locate vertex G in Figure 4(b.2), lines
AD, BE and C'F are used to determine the interpolated vertices G 2p, Gpg and G¢r,
respectively, by means of (7) to (10). Since G should be located at the centroid of the
triangular polygon ABC', the M position of vertices G4p, Gpr and Gcp should satisfy
d(X,Y) :d(M,Y) =2 :1, where (X,Y) is (A, D), (B,E) or (C,F). Vertex G is then
given by G = (Gap + Gpr + Ger) /3.

Following the smoothing process, the original polygon m e is transformed into six
individual sub-polygons. These sub-polygons construct a curved surface rather than a
flat plane, and hence the 3D surface has a smoother appearance. The outcome of the
smoothing process is referred to hereafter in this study as the smoothing result.

2.5. 5% module: solving the missing point problem. Some of the facial feature
points become occluded at large values of the pan-rotation angle. As a result, some
elements of the point matrix W are missing, and thus the factorization process fails.
Although the authors in [23,24] proposed various algorithms to resolve this problem and
acquired a good result, an alternative approach, which is more straightforward and easier,
is presented here. From observation, it is found that when the pan rotation reaches an
angle of approximately 10°-15° to the left or right, the feature points adjacent to the
nose start to become occluded. And when the head is rotated to the left or right by an
angle of more than about 30°, the ears of the face become clearly visible. Moreover, the
proposed reconstruction algorithm is based on a small value of the relative depth Ad for
each cluster, the projection model is close to the orthographic projection model, and thus
a superior reconstruction result is obtained. To ensure that the overall depth of the 3D
shape S reconstructed in the second module is minimized, it is important to choose an
appropriate range of rotation angle for image sequence used to reconstruct the 3D shape.
Accordingly, in the facial reconstruction method proposed in this study, the captured
image sequence is divided into three segments, namely the left side-view V; (from —45°
to —30°), the frontal-view V3 (from —10° to 10°) and the right side-view V3 (from 30°
to 45°), as shown in Figure 5(a). The 3D rotation angle of the face is automatically
estimated using the method proposed in [37,38]. The reconstruction modules described
in Sections 2.1-2.3 are then used to reconstruct the 3D facial shape based on the images
within segments Vj, V5, and V3, respectively. The corresponding reconstruction results
are shown in Figures 5(b)-5(d), respectively. Side-views V] and V3 are then registered to
the frontal-view V5 using the same registration procedure as that described in the third
module (see Figure 5(e)).

However, the registration results obtained when aligning two different segments located
at different depths in 3D space are sensitive to the depth variance of the overlapping
regions. Specifically, the reconstruction error increases as the depth variance of the over-
lapping regions increases. Figures 5(f) and 5(g) show the improved reconstruction results
(shown in red) obtained when using different overlapping regions to carry out the regis-
tration procedure. (Note that the white 3D shapes in the two figures indicate the original
facial model). In Figure 5(f), the registration results (i.e., the red 3D shape) are based on
the purple regions in Figures 5(b)-5(d), which have a small depth variance. Conversely,
the registration results presented in Figure 5(g) are based on the cheek regions, which
contain significant depth variances. Thus, comparing the two sets of registration results,
it is apparent that Figure 5(g) represents a poorer reconstruction performance.
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FIGURE 5. (a) Sequence of facial images under different pan-rotation an-
gles; (b)-(d) improved results in which the purple regions denote overlapping
regions (the dots shown in (a)); (e) registered result; (f) and (g) registration
results obtained using different overlapping regions

3. Experimental Results. Seven sections present comparisons with other approaches
and different evaluations of the reconstruction result. Section 3.1 is the comparison of
reconstruction performance of different methods. Sections 3.2-3.4 are the performance
evaluation of improved 3D reconstruction method, at different distances, for different 3D
facial shapes, respectively. Section 3.5 evaluates the influence of tracking errors on the
reconstruction result. Section 3.6 presents the smoothing result. And Section 3.7 presents
the reconstruction results for actual human faces.

3.1. Comparison of reconstruction performance of different methods. To eval-
uate the performance of the reconstruction modules (i.e., Modules 1-3), a small box was
designed and then reconstructed using values of Ad/d equal to 1/3 and 1/7, respectively
(see Figures 6(a)-6(d) and 6(e)-6(h)). In both cases, the box contained 101 feature points
(see Figures 6(b) and 6(f)). In Figures 6(c), 6(g), 6(d) and 6(h), the red boxes indicate the
reconstruction results, while the white boxes indicate the original box. Comparing Fig-
ures 6(c) and 6(g), it is observed that the reconstruction results obtained using the larger
Ad/d ratio of 1/3 are distorted more significantly than those obtained using a smaller
ratio of 1/7. In other words, a closer agreement is obtained between the orthographic
projection model and the perspective projection model as the value of Ad/d is reduced.
Figures 6(d) and 6(h) present the improved results.

From observation, the box will be out of the field of view of the camera when Ad/d
exceeds a value of 1/3. Furthermore, the size of the box is too small to track the feature
points correctly when Ad/d has a value of less than 1/7. Thus, in evaluating the improved
results in the proposed method, the reconstruction error was compared with that of the
orthographic factorization method (Orthographic FM) [3], weak-perspective factorization
method (Weak-pers. FM) [20], and papa-perspective factorization method (Para-pers.
FM) [21] for Ad/d ratios of 1/3, 1/5 and 1/7. The corresponding results are presented
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FIGURE 6. (a)-(d) and (e)-(h) Reconstruction results obtained when using
Ad/d ratios of 1/3 and 1/7, respectively. (a) and (e) Original images, (b)
and (f) close-up view of boxes, (¢) and (g) factorization results, and (d)
and (h) improved results. (i)-(k) are the estimation errors of reconstructed
boxes given Ad/d equal to 1/3, 1/5 and 1/7, respectively.

TABLE 1. Average improvement for different Ad/d ratios

Ratio (Ad/d) 1/3 1/4 1/5 1/6 1/7
Improvement (%) 43.3 41.5 40.0 38.6 37.8

in Figures 6(i)-6(k), respectively. The estimation error is defined here as the average
Euclidean distance between all the reconstructed feature points and the original feature
points divided by the average Euclidean distance between all the feature points and the
origin of the original box. And the result of Orthographic FM equals to the factorization
result in this study. It is seen that the error in the improved result is only about 0.1%-
0.5% higher than that obtained from the other two perspective factorization methods.
In other words, the proposed method yields a good approximation of the perspective
projection model. Table 1 summarizes the average improvement percentage obtained by
the proposed method at each value of Ad/d.

The performance of the proposed 3D reconstruction method was further evaluated by
comparing the reconstruction error with that obtained from various existing methods. In
performing the experiments, the 3D vase model used in the SfS methods presented in [2,9]
was taken as the ground truth. Several feature points were manually selected on the 3D
vase model and were recorded as it was rotated at a rate of one degree per frame from —10°
to 10° in the pan-rotation direction. The vase was then reconstructed by the proposed
method. Table 2 compares the 3D reconstruction errors of the proposed method (Ad/d =
1/5) in the z-axis direction with those obtained from the SfS methods presented in [2,9].
The computational costs of SfS methods in [2] are less and those in [9] are more than
the proposed method. However, the results presented in Table 3 show that the proposed
method yields the most accurate reconstruction results of all the considered methods.
Note that the BRDF method [13] uses a more sophisticated reflectance model, and is
therefore better suited to the 3D reconstruction of synthetic or real objects. However, it
has a high computation complexity, i.e., O(N?3), where N is the number of reconstructed
points. As a result, reconstructing the 3D vase considered in the present evaluation trials
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TABLE 2. Comparison of 3D reconstruction errors (units) in z-axis direc-
tion of SfS methods in [2,9] and proposed method (Ad/d = 1/5)

Method z-axis Error Value (units)
Zheng and Chellappa [2] 9.69
Lee and Kuo [2] 9.39
Kimmel and Sethian [9] 7.60
Tankus, Sochen and Yeshurun [9] 5.03
Proposed Method 1.85

TABLE 3. Comparison of 3D reconstruction errors (%) of BA methods [5]
and proposed method by adding Gaussian noises with different standard

deviations (Ad/d = 1/5)

Standard Deviation 0.5 1.0 1.5
Model-Based BA Method [5] 1.22% 1.57% 1.83%
Classical BA Method [5] 3.70% 6.00% 6.13%
Proposed Method 5.92% 6.03% 6.60%

requires a time of around tens of minutes. Recently, the BRDF work in [14] improves the
computational time to minutes. The computational complexity of the proposed shape
from motion (SfM) method is dominated by the SVD process [39], i.e., O(N?). However,
the proposed method reconstructs the 3D model in just seconds since it reconstructs only
some of the feature points, while the reconstruction using BRDF relies on dense points
in order to acquire a good result. As a consequence, the computational time of BRDF is
much longer than the proposed method.

Table 3 compares the reconstruction errors of the proposed method (Ad/d = 1/5) with
that of two reconstruction methods based on the BA approach presented in [5] by adding
Gaussian noise with standard deviations of 0.5, 1.0 and 1.5, respectively. The results show
that the two BA-based methods yield a better 3D reconstruction performance than the
proposed method for all values of the standard deviation. However, the computational
time of the proposed 3D reconstruction method (i.e., a few seconds) is much faster than
that of the two BA methods (i.e., several minutes). In performing the reconstruction
process, BA methods solve a set of complex differential equations iteratively in an attempt
to minimize the distances between the actual locations of the 2D image feature points and
the locations of these points when projected from the corresponding 3D feature points
onto the 2D image. Thus, the computational complexity is equal to O(M f(M + 2f)?)
[6], where M is the number of parameters to be solved and f is the number of frames.
Conversely, the method proposed in this study uses a relatively simple method to find
the relationship between the actual locations of the 2D points and the locations of the 2D
points projected from the 3D geometric points. Consequently, although the reconstruction
accuracy of the proposed approach is around 4.5% lower than that of the two BA-based
approaches, the computational time is reduced by a factor of more than 100.

3.2. Performance evaluation of improved 3D reconstruction method. As de-
scribed in the Introduction section, the 3D facial reconstruction method proposed in this
study is implemented using a web camera and a personal computer. In general, the depth
of the frontal face from the tip of the nose to the cheek is around 7 to 8 cm for most
individuals. In other words, in the present study, the object depth Ad is 7 to 8 cm.
When the distance from the camera to the face of the user is around 40 to 45 cm, the
face occupies around 3/4 of the image and is of a sufficient size to permit the accurate
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()

FIGURE 7. (a) 3D talking head model with 90 feature points. (b) Original
facial model without feature points. (c), (f) and (i) Factorization result,
improved result and smoothing result, respectively. (d), (g) and (j) Estima-
tion errors of (c), (f) and (i), respectively. (e), (h) and (k) Binary images
corresponding to (d), (g) and (j), respectively.

tracking of the feature points. Accordingly, the Ad/d ratio in the proposed reconstruction
system is around 1/5. The performance of the proposed 3D facial reconstruction system
was further evaluated using Microsoft’s 3D “Talking Head” facial model to provide the
ground truth for the 3D reconstruction results. As shown in Figure 7(a), 90 3D feature
points and contour points were assigned to the face in accordance with the contours of
the facial features (i.e., the eyebrows, eyes, nose, mouth, chin and cheeks). The model
was then rotated from left (—15°) to right (15°) in the pan-rotation direction. Figure 7(b)
shows the original facial model with texture but no feature points.

In evaluating the performance of the proposed facial reconstruction system, the recon-
struction error of the improved result was estimated in the same way as that described in
Section 3.1. Furthermore, to evaluate the smoothing performance of the proposed system,
the coordinates of the smoothed 3D facial shape (495 vertices) and the original 3D facial
model (dense vertices) were aligned to the origin O(0,0,0). The reconstruction error of
the smoothing result was then defined as the distance between v, i.e., a vertex on the
smoothed 3D shape, and the vertex on the original 3D model having the shortest distance
to line vO of all the vertices on the original 3D model. The average reconstruction error
of the smoothing results was then calculated in the same manner as that in Section 3.1.

Figures 7(c), 7(f) and 7(i) show the factorization results, improved results and smooth-
ing results obtained from the 2", 3™ and 4'" modules in the proposed reconstruction
system, respectively. Comparing the original facial model shown in Figure 7(b) with the
factorization result presented in Figure 7(c), it is apparent that the reconstructed face
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FI1GURE 8. Comparison of reconstruction errors of different reconstruction
results: (a) at distance d of 35 units (Ad/d ~ 1/5) and (b) at distance d of
50 units (Ad/d ~ 1/7)

is much narrower in the x-axis direction with reconstruction error about 3%. However,
the reconstruction errors of the 3D facial shapes presented in Figures 7(f) and 7(i) are
less than 1% in both the z- and the y-axis directions. Figures 7(d), 7(g) and 7(j) show
the estimation errors of Figures 7(c), 7(f) and 7(i), respectively, using a gray value repre-
sentation, in which the brightness increases with an increasing estimation error. Figures
7(e), 7(h) and 7(k) present binary images corresponding to Figures 7(d), 7(g) and 7(j),
respectively. Note that in these binary images, the bright pixels indicate a reconstruction
error of 3% or more relative to the original facial model. It can be seen that the improved
reconstruction module successfully reduces the reconstruction error (see Figure 7(h)).

3.3. Performance evaluation at different distances. From observation, the head
falls beyond the field of view when Ad/d is larger than 1/3, i.e., d is less than 25 units
(centimeters in our case). Moreover, the face is too small to track the feature points
reliably when Ad/d is less than 1/7 (d is larger than 50 units). Figures 8(a) and 8(b)
present the reconstruction errors of the factorization result, the improved result and the
smoothing result at values of d equal to 35 units (Ad/d is close to 1/5) and 50 units
(Ad/d is close to 1/7), respectively. The average reconstruction errors of Orthographic
FM [3] are found to be 10.5% and 7.0% for values of d equal to 35 units and 50 units,
respectively. Meanwhile, the average reconstruction errors of the improved results are
approximately 6.5% and 4.1%, respectively. In other words, for a given value of Ad/d,
the degree of reconstruction improvement obtained by the proposed method for the 3D
facial model is very similar to that obtained for the simple box model (see Figures 6(j)
and 6(k)). Thus, the versatility and effectiveness of the proposed system are confirmed.

3.4. Performance evaluation for different 3D facial shapes. Figure 9 presents 10
additional face models used to evaluate the reconstruction performance of the 2°¢ (fac-
torization) module, the 3™ (improved reconstruction) module and the 4" (smoothing)
module. In performing the reconstruction experiments, the reconstruction error was eval-
uated given a Ad/d ratio equal to 1/5. Moreover, the number of groups in the 3™ module
was assigned a value between 10 and 12 by applying the VQ process. The reconstruc-
tion errors of the factorization result, the improved result and the smoothing result are
shown in Table 4. It can be seen that the reconstruction errors of the improved result and
the smoothing result in the z-, y- and z-axis directions are around 78%, 70% and 17%,
respectively, better than those of the factorization result. In other words, the improved
reconstruction module yields a significant reduction in the reconstruction error in the
z- and y-axis directions. However, a less obvious improvement is obtained in the z-axis
(i.e., depth) direction. This result arises because the ratio of Ad/d used in the layered
reconstruction approach is insufficiently small. Nonetheless, the improved reconstruction
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FiGURE 9. 10 additional face models used to estimate reconstruction errors

TABLE 4. Reconstruction error (%) of each axis with Ad/d = 1/5 (factor-
ization result [3]/improved result/smoothing result)

Angles

+1° to +1°

—5° to +5°

—10° to +10°

—15° to +15°

r-axis

2.60/0.74/0.92

2.57/0.70/0.88

2.54/0.63/0.83

2.47/0.57/0.77

y-axis

3.49/1.15/1.21

3.49/1.13/1.20

3.47/0.93/1.08

3.46/0.92/1.02

z-axis

7.49/6.19/6.27

747/6.17 /6.24

7.40/6.14/6.20

7.29/6.05/6.15

module still provides a more accurate reconstruction result than the factorization mod-
ule. The results presented in Table 4 show that the average reconstruction error of the
smoothing result is only slightly larger than that of the improved result. In other words,
the reconstruction errors of the additional vertices interpolated in the smoothing process
are almost equal to those of the original vertices in the improved result. Therefore, the
ability of the smoothing process to generate a convincing result is confirmed.

3.5. Performance evaluation by given different noise additions to tracking re-
sults. The effect of tracking errors on the accuracy of the reconstruction results was
evaluated by adding white Gaussian noise with various standard deviations to the track-
ing results obtained in the first module of the proposed system. Figures 10(b)-10(d) show
the improved results obtained give the addition of white Gaussian noise with standard
deviations of 1, 3 and 5, respectively. The corresponding estimation errors of the fac-
torization result and the improved result are shown in Figures 10(e)-10(g), respectively.
It can be seen that the reconstruction performance of both methods is degraded as the
standard deviation of the Gaussian noise increases. In addition, Figures 10(b)-10(d) show
that the reconstruction error in the z-axis direction (i.e., the depth direction) increases
more significantly with an increasing standard deviation than the errors in the x- or y-axis
directions.

Comparing the reconstruction errors shown in Figures 10(e)-10(g) with those shown in
Figure 8(a) for the same Ad/d ratio of 1/5 but no Gaussian noise addition, it is observed
that the reconstruction error is sensitive to errors in the tracking results. However, unlike
the estimation errors shown in Figure 8, when tracking errors are taken into consideration,
the reconstruction error reduces significantly as the number of frames considered in the
reconstruction process increases. This result is reasonable since the amount of feature
point information included in the point matrix W increases with an increasing number
of frames, and thus the factorization procedure is more robust toward the effects of noise
interference.

3.6. Evaluation of smoothing results. Figure 11 shows the improved results and
smoothing results for two facial models. Note that the images in the left-hand column
show the original facial models, while those in the middle column show the improved
results, and those in the right-hand column show the smoothing results. In addition, the
images in the third row of Figure 11 present enlarged views of the nose and philtrum
regions of the facial models, while those in the fourth row show enlarged views of the
forehead region. It is seen that the boundaries of the facial features such as the forehead,
nose, mouth and philtrum in the images in the right-hand column are the smoothest
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FIGURE 10. (a) Reconstruction result obtained using the improved method
in absence of noise; (b)-(d) improved results obtained when white Gaussian
noise is added to the tracking results with standard deviations of 1, 3 and

5, respectively; (e)-(g) reconstruction errors given white Gaussian noise
addition with standard deviations of 1, 3

FIGURE 11. (a) Original facial model, (b) improved result and (c) smoothing

of all the images shown in the figure. In other words, the effectiveness of the proposed
smoothing method is confirmed.

3.7. 3D reconstruction results for actual human faces. Figure 12 presents the 3D
facial reconstruction results obtained using the proposed method for three image sequences
in which the head rotates from —45° to 45° in the pan-rotation direction. And each image
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Image Sequence 1 Image Sequence 2 Image Sequence 3

LT

FiGure 12. 3D facial reconstruction results. Images in odd columns are
original facial images while those in even columns are corresponding 3D
reconstruction results.

has a resolution of 720x480 (widthxheight) pixels. In performing the reconstruction
process, 139 feature points were automatically located on each face using the method
presented in [30] and the Lucas and Kanade optical flow technique [31] was then applied
to track each feature point over the sequence of video frames. Some tracking errors were
found to occur in the textureless regions of the face such as the forehead and cheek. Thus,
the corresponding feature points were manually refined prior to the factorization process.

4. Conclusions and Future Work. This study has developed a system for reconstruct-
ing 3D faces in which a factorization method based on the orthographic projection model is
used to approximate the perspective projection model. The proposed system is straight-
forward and computationally efficient, and avoids the need to calibrate the camera in
advance. The experimental results have shown that the proposed method provides a
promising technique for reconstructing 3D faces within a matter of seconds. However,
some manual refinements are required to compensate for the tracking errors which occur
for feature points located in the textureless regions of the face. The accuracy of the re-
construction results is significantly dependent on the tracking performance. Therefore,
the number of frames used in the reconstruction process requires careful consideration.
Specifically, a greater number of frames increases the amount of feature point information
available to the optimization process in the factorization method, and therefore improves
the accuracy of the reconstruction results.

This study has also developed a novel smoothing method based on the linear inter-
polation of additional 3D vertices in order to improve the smoothness appearance and
realism of the reconstructed facial surface. However, linear interpolation results in a poor
smoothing performance for regions of the face with large curvatures, e.g., the surface of
the nose. Accordingly, a future study will explore the feasibility of using a non-linear
curvature function such as the Bezier Surface function to improve the smoothing result.
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The missing point problem commonly occurs in 3D reconstruction applications. Ac-
cordingly, this study has proposed a new solution in which the facial image sequence is
divided into three discrete segments in accordance with the rotation angle of the head.
The improved reconstruction method is applied to each individual segment and a group
registration procedure based on the overlapping regions of the separate segments is then
conducted in order to construct the complete 3D facial model. The experimental results
have shown that an appropriate choice of the overlapping regions is essential when cre-
ating the complete model. Specifically, the chosen regions should have a small depth
variance (Ad) in order to optimize the reconstruction results.
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