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3D Face Reconstruction from a Single Image
Using a Single Reference Face Shape

Ira Kemelmacher-Shlizerman, Member, IEEE, and Ronen Basri, Senior Member, IEEE

Abstract—Human faces are remarkably similar in global properties, including size, aspect ratio, and location of main features, but can
vary considerably in details across individuals, gender, race, or due to facial expression. We propose a novel method for 3D shape
recovery of faces that exploits the similarity of faces. Our method obtains as input a single image and uses a mere single 3D reference
model of a different person’s face. Classical reconstruction methods from single images, i.e., shape-from-shading, require knowledge
of the reflectance properties and lighting as well as depth values for boundary conditions. Recent methods circumvent these
requirements by representing input faces as combinations (of hundreds) of stored 3D models. We propose instead to use the input
image as a guide to “mold” a single reference model to reach a reconstruction of the sought 3D shape. Our method assumes
Lambertian reflectance and uses harmonic representations of lighting. It has been tested on images taken under controlled viewing
conditions as well as on uncontrolled images downloaded from the Internet, demonstrating its accuracy and robustness under a variety
of imaging conditions and overcoming significant differences in shape between the input and reference individuals including

differences in facial expressions, gender, and race.

Index Terms—Computer vision, photometry, shape from shading, 3D reconstruction, lighting, single images, face, depth

reconstruction.

1 INTRODUCTION

HREE-DIMENSIONAL shape and reflectance provide proper-

ties of objects that are invariant to the changes caused
by the imaging process, including viewpoint, illumination,
background clutter, and occlusion by other objects.
Knowledge of these properties can simplify recognition,
allow prediction of appearance under novel viewing
conditions, and assist in a variety of applications, including
graphical animation, medical applications, and more. A
major challenge in computer vision is to extract this
information directly from the images available to us, and
in particular, when possible, from a mere single image. In
this paper, we use the shading information (the pattern of
intensities in the image) along with rough prior shape
knowledge to accurately recover the three-dimensional
shape of a novel face from a single image.

In a global sense, different faces are highly similar [17].
The faces of different individuals share the same main
features (eyes, nose, mouth) in roughly the same locations,
and their sizes and aspect ratio do not vary much. However,
locally, face shapes can vary considerably across indivi-
duals, gender, race, or as a result of facial expression. The
global similarity of faces is exploited, for example, in face
recognition methods, to estimate the pose of novel faces by
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aligning a face image to a generic face model. In this paper,
we demonstrate how a similar idea can be exploited to
obtain a detailed 3D shape reconstruction of novel faces.
We introduce a novel method for shape recovery of a
face from a single image that uses only a single reference 3D
face model of either a different individual or a generic face.
Intuitively, our method uses the input image as a guide to
“mold” the reference model to reach a desired reconstruc-
tion. We use the shading information to recover the 3D
shape of a face while using the reference shape and albedo
to extract information essential for the recovery process that
is unknown a priori, such as lighting and pose. Specifically,
we cast the problem as an image irradiance equation [15]
with unknown lighting, albedo, and surface normals. We
assume Lambertian reflectance, light sources at infinity, and
rough alignment between the input image and the reference
model. To model reflectance we use a spherical harmonic
approximation (following [2], [27]), which allows for multi-
ple unknown light sources and attached shadows.
Webegin by using the reference model to estimate lighting
and pose, and provide an initial estimate of albedo.
Consequently, the reflectance function becomes only a
function of the unknown surface normals and the irradiance
equationbecomes a partial differential equation which is then
solved for depth. For this we also employ appropriate
boundary conditions. Since in general the recovery of shape
and albedo from an image is ill-posed, we further introduce
regularization terms to seek solutions that preserve the rough
shape and albedo of the reference model. These terms will
smooth the difference in shape and albedo between the
reference model and the sought face. We provide experi-
ments that demonstrate that our method can achieve accurate
reconstructions of novel input faces overcoming significant
differences in shape between the input and reference
individuals including differences in gender, race, and facial
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Fig. 1. 3D reconstruction of a face from an image downloaded from the
internet using our algorithm. We present (a) the input image, (b) the
reconstructed shape viewed from three viewpoints, and (c) the image
overlay of the reconstructed shape.

expression. These experiments demonstrate that our method
can potentially overcome some of the most critical problems
in recovering the 3D models of unknown individuals. In
Fig. 1, we show an example of a result obtained by applying
our algorithm to a real image downloaded from the Internet.
The paper is divided as follows: Section 2 describes
related work. Section 3 defines the reconstruction problem
and the optimization functional. Section 4 describes the
reconstruction algorithm. Experimental evaluations are
presented in Section 5 and conclusions in Section 6. A
preliminary version of this paper appeared in [19].

2 PRevious WORK

Shape from shading (SFS), the problem of three-dimensional
reconstruction from a single image using shading informa-
tion is classically defined as solving the Irradiance Equation,
which for Lambertian surfaces is given by I(x,y) = pl T,
Here, [is a three component vector representing the direction
and intensity of a single point light source placed at infinity,
fi(z,y) is a three component vector representing the surface
normal at each surface point, and p(x, y) is the surface albedo
at each point (z,y) € 2 C IR?. The objective in SFS is to
recover the surface z(z,y) whose normal vectors are
specified by the unknown 7i(z,y). A regularization term is
added in some studies to enforce the smoothness of z(z, y). In
general, the SFS problem is ill-posed and its solution requires
knowledge of the lighting conditions, the reflectance proper-
ties (albedo) of the object (in many studies albedo is assumed
to be constant), and boundary conditions (i.e., the depth
values at the occluding contours and the extremal points of
the underlying shape). Such information is part of the sought
3D shape and is usually unavailable. This limits the
applicability of SFS methods to restricted setups. Methods
for solving SFS were first introduced by Horn [15], [14]. More
recent solutions can be found, e.g., in [9], [20], [28], [35].
Methods for estimating lighting and relaxing the constant
albedo assumption were proposed in [24], [37], [33].
RANSAC-based robust methods for estimating lighting

were proposed in [13] in the context of multiview photo-
metric stereo.

In spite of the limitations of SFS, people appear to
already have a remarkable perception of three-dimensional
shapes from single two-dimensional pictures. Ramachan-
dran [25] proposed that simple shapes are perceived
through the assumption that the image is illuminated by a
single light source. More complex 3D shapes (like faces) can
be perceived through the help of prior knowledge [26].
Furthermore, it was shown that people can successfully
recognize faces from novel images, overcoming significant
viewpoint and lighting variations, while they seem to
achieve significantly inferior performance with images of
unfamiliar objects, such as inverted faces. This ability is
often attributed to familiarity with faces as a class [23].

Indeed many computational studies attempt to use prior
knowledge of class information to approach the 3D
reconstruction problem. One approach attempts to exploit
the symmetry of faces [30], [36]. The advantage of using
symmetry is that reconstruction can rely on a mere single
image without the need for additional examples of face
models. The disadvantage is that point-wise correspon-
dence between the two symmetric portions must be
established, and this task is generally difficult. Another
method [29] renders faces in novel views by making the
restrictive assumption that different faces share the exact
same shape, while they differ only in albedo.

A widely used approach is to learn the set of allowable
reconstructions from a large number of 3D laser-scanned
faces. This can be achieved by embedding all 3D faces in a
linear space [1], [4], [38], [32] or by using a training set to
determine a density function for faces [31], [34]. Similarly,
Active Shape Models [7], [10], [21] seek to construct image-
based, linear 2D representations of faces by exploiting large
data sets of prototype faces for face recognition and image
coding. These methods can achieve accurate reconstruc-
tions, but they require a large number (typically hundreds)
of face models and a detailed and accurate point-wise
correspondence between all of the models, as well as
expensive parameter fitting. Variations of this approach
combine this method with symmetry [8]. Others simplify
the parameter fitting procedure [5] by combining surface
shape and brightness of all the models into a single coupled
statistical model. While this model was shown to generally
produce accurate surfaces, it however does not model
lighting explicitly, and so it cannot extrapolate to handle
novel lighting conditions. Expressing novel faces as
combinations of stored 3D faces seems to work very well
when the difference between the shape of the novel faces
and the stored faces is small. However, in case of larger
differences, the database needs to be adjusted to fit the
particular shapes of the reconstructed faces. For example, in
case the input face has a smiling expression, the database
should include various smiling face shapes.

Unlike previous work, we combine shading information
along with prior knowledge of a single reference model to
recover the three-dimensional shape of a novel face from a
single image. Our method does not use symmetry in the
reconstruction process, and it does not require correspon-
dence between many models in a database since it uses a
mere single model as a reference. At its core our method
solves a shape from shading problem, but it does not
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assume knowledge of part of the sought 3D model. Our
algorithm works with general unknown lighting by
representing reflectance using spherical harmonics. We let
the gradient in the direction of the normal vanish on the
boundaries, and we exploit the reference model to linearize
the problem (which leads to increased robustness) and to
fill in the missing information—an initial estimate of the
albedo and for recovery of the illumination and pose.
Finally, we regularize the difference between the reference
model and the sought 3D shape, instead of directly
smoothing the sought shape, which increases the accuracy
of the reconstruction.

Most face reconstruction methods assume that faces can
accurately be modeled as Lambertian. It was shown in [22]
that in many common situations, human skin indeed
exhibits nearly Lambertian reflectance properties. Specifi-
cally, a face surface was photographed from a sequence of
positions and with different lighting directions. Then, by
assuming that the face shape and the light source position
are known, the photographs were analyzed to determine
the bidirectional reflectance function (BRDF). The analysis
showed that at incident lighting angles around 30 degrees,
the BRDF was close to Lambertian. Deviations from the
Lambertian reflectance occurred at larger incident angles
(above 60 degrees). Specular effects, however, may exist,
e.g., when the skin is oily.

3 PROBLEM FORMULATION

Consider an image I(x,y) of a face defined on a compact
domain 2 C ®?, whose corresponding surface is given by
z(x,y). The surface normal at every point is denoted 7i(z, y) =
(ng, ny, n.)" with

i, 4) = — et (pyg, 1) (1)
Vit +l

where p(z,y) = 0z/0x and q(z,y) = Jz/Jy. We assume that
the surface of the face is Lambertian with albedo p(z, y), and
that lighting can be an arbitrary combination of point
sources, extended sources, and diffuse lighting that need
not be known ahead of time. We allow for attached
shadows, but ignore the effect of cast shadows and
interreflections. Under these assumptions it has been shown
[2], [27] that Lambertian surfaces reflect only the low
frequencies of lighting. Consequently, to an Nth order of
approximation, the light reflected by a Lambertian surface
(referred to as the reflectance function) can be expressed in
terms of spherical harmonics as

N n
R@,g) =Y Y lunnYom(z,y), (2)

n=0 m=-n

where [,,,,, are the coefficients of the harmonic expansion of
the lighting, o, are factors that depend only on n and capture
the effect of the Lambertian kernel acting as a low pass filter
S0 &, becomes very small for large values of N, and Y, (z, v)
are the surface spherical harmonic functions evaluated at the
surface normal. Because the reflectance of Lambertian
objects under arbitrary lighting is in general very smooth,
this approximation is already highly accurate when a low
order (first or second) harmonic approximation is used.

Specifically, it has been shown analytically that a first order
harmonic approximation (including four harmonic func-
tions, N = 1) captures on average at least 87.5 percent of the
energy in an image, while in practice, due to the fact that only
normals facing the camera (the normals with n, > 0) are
observed, the accuracy seems to approach 95 percent [11]. A
second order harmonic approximation (including nine
harmonic functions, N = 2) captures on average at least
99.2 percent of the energy in an image.

For our general formulation, we model below the
reflectance function using a second order harmonic approx-
imation, although throughout the text we discuss how it can
also be modeled using a first order of approximation and its
advantages. In all of our experiments, both orders produced
very similar results. However, the use of a first order
approximation results in a significant speedup.

We write the reflectance function in vector notation as

R(ii(z, y); plw, y), 1) ~ LY (7i(x, ), (3)
with!

Y(ﬁ) = (17 Ty Thyy Moy Mg Ty Mg Tz Moy Tz,
2 T (4>
)

: 2 g2
n, —mn,,3n; —1)

where n,, n,, n, are the components of the surface normal .
The image irradiance equation is then expressed as

I(z,y) = p(z,y)R(x,y). (5)

In the first order approximation, only the first four
components of Y (i) are included and, consequently, [ is a
four component vector. We will show in Section 4 that,
using the first order approximation, we can transform the
reconstruction problem to be linear in the depth variables,
yielding a solution that is both fast and very robust.

Note that while the first four harmonics resemble, in
form, the reflectance obtained by illuminating a surface by a
point source and ambient lighting, it is still providing an
accurate approximation for a variety of other lighting
conditions. Consequently, while, in the former case, surface
patches whose normals are 90 degrees or more from the
source are only exposed to the ambient component, and so
their surface orientation cannot be recovered (since inten-
sity in these points is independent of normal direction);
with a different underlying lighting (possibly with multiple
sources), the surface can in principle be reconstructed
beyond 90 degrees of the mode of the reflectance function.

To supply the missing information we use either a
reference model of a face of a different individual or a
generic face model. Let z.f(x,y) denote the surface of the
reference face, with 7,(z,y) denoting the normal to the
surface and pr¢(z,y) denoting its albedo. We use this
information to determine the lighting and provide an initial
guess for the sought albedo.

We further use the reference model to regularize the
problem. To that end we define the difference shape as:

1. Formally, in (2) the values of «; should be set to oy =7, oy = %,
ay = %, and the spherical harmonics functions are Y = (¢, cing, ciny, cin,
e (2 2\ & 2 T — 1 —

CoMy My, CZZ/T":LZ7 CQ”y-’.lsz) g’n’.;l; - ny)vm.(gnz - 1)) v where ¢y = Vi’ 1 =
and ¢; = o= For simplicity of notation we omit these constant factors and

rescale the lighting coefficients to account for the omitted factors.

An’
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dz(x7y) = Z(.Z', y) - Zref(xvy) (6)
and the difference albedo as
dyp(x,y) = p(x,y) — pret(,y) (7)

and require these differences to be smooth. We are now
ready to define our optimization function:

min / (I = pl "Y' (1) + M(AG  d.)? + X (AG * d,) dady,
Q

Lpz
(8)

where AGx* denotes convolution with the Laplacian of a
Gaussian, and \; and A, are positive constants. Below we
will refer to the first term in this integral as the “data term”
and the other two terms as the “regularization terms.”
Evidently, without regularization the optimization func-
tional (8) is ill-posed. Specifically, for every choice of depth
z(x,y) and lighting vector [ it is possible to prescribe albedo
p(z,y) to make the data term vanish. With regularization
and appropriate boundary conditions the problem becomes
well-posed. Note that we chose to regularize d. and d,
rather than z and p in order to preserve the discontinuities
in ze and per. (This regularization is a much weaker
constraint than requiring that the sought shape be smooth.)

4 RECONSTRUCTION STEPS

We assume that the input image is roughly aligned to the
reference model and approach this optimization by solving
for lighting, depth, and albedo separately. First, we recover
the spherical harmonic coefficients ! by finding the best
coefficients that fit the reference model to the image. This is
analogous to solving for pose by matching the features of a
generic face model to the features extracted from an image
of a different face. Next, we solve for depth z(x,y). For this
we use the recovered coefficients, along with the albedo of
the reference model, and prescribe appropriate boundary
conditions. Finally, we use the spherical harmonics coeffi-
cients and the recovered depth to estimate the albedo
p(z,y). This procedure can be repeated iteratively, although
in our experiments, one iteration seemed to suffice. These
steps are described in detail in the remainder of this section.

The use of the albedo of the reference model in the
reconstruction step may seem restrictive since different
people may vary significantly in skin color. Nevertheless, it
can be readily verified that scaling the albedo (i.e., Bp(z,y),
with a scalar constant ) can be compensated for by
appropriately scaling the light intensity. Our albedo
recovery consequently will be subject to this ambiguity.
Also, to make sure that marks on the reference face would
not influence much the reconstruction, we first smooth the
albedo of the reference model by a Gaussian.

4.1 Step 1: Recovery of Lighting Coefficients

In the first step, we attempt to recover the lighting
coefficients [ by fitting the reference model to the image.
To this end, we substitute in (8) p — pr and z — z,¢ (and
consequently 7@ — 7i,f). At this stage, both regularization
terms vanish and only the data term remains:

win [ (1= pu 7 (7)) dody (9)
1 Q

Discretizing the integral, we obtain

min 37 (1(,9) = pre ) es(,)”. - (10)
This is a highly overconstrained linear least squares
optimization with only nine or four unknowns (the
components of I; the dimension of this vector depends on
the order of approximation used) and can be solved simply
using the pseudo-inverse. The coefficients recovered with
this procedure will be used subsequently to recover the
depth and albedo of the face. It should be noted that, to
avoid degeneracies, the input face must be lit by non-
ambient light since, under ambient light, intensities are
independent of surface orientation. In Section 5, we show
that, in practice, the error of recovering lighting by using
the 3D face model (shape and albedo) of a different
individual is sufficiently small (the mean angle is 4.9 de-
grees with standard deviation of 1.2 degrees).

4.2 Step 2: Depth Recovery

At this stage we have obtained an estimate for /. We continue
using pyef(z,y) for the albedo and turn to recovering z(z, y).
Below we will further exploit the reference face to simplify
the data term. We start by explicitly writing the expression
for Y (i) using the second order approximation to reflec-
tance, and by representing the surface normal 7i(x,y) using

partial derivatives p(z,vy), ¢(z,y) as in (1):
o 1 1 -1 1 -1 -1
Y =\
() = < NP NG NP P e @
T (11)
1., o, 3
m (p —q )7@ - 1) )
where N(z,y) = \/p?> + ¢ + 1. Wewill assume that N(z, y) ~

Nyet(z,y). The data term then minimizes the squared
difference between the two sides of the following system of
equations:

I = presl l log—1
p f0+Nref( 1p+lbg—1s)
+ ]/i’;;ft (l4pq —lsp — lgq + l7p2 — l7q2 + 3l8) (12)
- prcflS7

with p and ¢ as the only unknowns for each (z,y) € Q. In
discretizing this system of equations we will use z(z, y) as our
unknowns and replace p and ¢ by the forward differences:

p= Z(‘T + 17y) - Z(l’, y)7

g= ey +1) — ay). (13)

The data term thus provides one equation for every
unknown (except for the pixels on the boundary of ().
Note that by solving directly for z(z,y), we in fact enforce
consistency of the surface normals (“integrability”). Let us
now investigate (12). In case we consider the first order of
approximation to reflectance, this equation becomes

I= Pref l(J + N

ref

L (lp + lag — I3). (14)

By substituting (14) for p and ¢ (14) we can see that this
equation is linear in z(z, y):
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Pref
hz(x+1,y) — [ 2(x,
Nmf(l ( y) — hiz(z,y) 1)

+ lZZ(xay + 1) - lZZ(xa y) - Z3a

I:pref l0+

and so it can be solved using linear least squares
optimization. In case we use the second order of approx-
imation, the data equation (12) is nonlinear in z(z,y) and
therefore requires a nonlinear optimization procedure.

Next, we consider the regularization term M\ AG x d..
(The second regularization term vanishes at this stage since
we have substituted pef for p.) We implement this term as
the difference between d.(z,y) and the average of d, around
(z,y), obtained by applying a Gaussian function to d..
Consequently, this term minimizes the difference between
the two sides of the following system of equations:

A(2(@,y) = G 2(2,9) = (2t (2, ) — G * zeet(2,9)). (16)
This system too is linear in z(x,y).

4.3 Boundary Conditions for Depth Recovery

The equations for the data and regularization terms provide
two equations for every unknown z(z,y). In the case of first
order approximation, both (14) and (16) are linear. In the
case of a second order approximation, one equation is linear
(16) while the other is nonlinear (12). This system of
equations, however, is still ill-posed and we need to add
boundary conditions.

Shape from shading methods typically use Dirichlet
boundary conditions, which require prior knowledge of the
the depth values z(z,y) along the boundary of the surface.
In addition, these methods require knowledge of the depth
values at all of the local extremal points inside the bounded
surface (e.g., in the case of a face, these can include the
centers of the eyes, the tip of the nose, and the center of the
mouth). Due to the use of a reference shape, our algorithm
does not require knowledge of the inner extremal points.
However, since our data term includes partial derivatives of
z(z,y), we do need a constraint for the exterior boundary of
the surface. Since we have a reference model, a sensible
approach is to use its depth values z.f(z,y) as Dirichlet
boundary conditions or, alternatively, the derivatives of the
reference along the boundaries as Neumann boundary
conditions. These constraints, however, are too restrictive
since the depth values of the reference model and their
derivatives may be incompatible with the sought solution.

Instead, to obtain boundary conditions, we assume in
our algorithm that the gradient of the surface in the
direction perpendicular to the exterior boundary vanishes
(i.e., the surface is planar near the boundaries; note that
this does not imply that the entire bounding contour is
planar). Specifically, we add for each boundary point the
following constraint:

Va(z,y) - me(x,y) =0, (17)

where 7, (z, y) is a two-dimensional vector representing the
normal to the bounding contour. These constraints will be
roughly satisfied if the boundaries are placed in slowly
changing parts of the face. They will be satisfied, for
example, when the boundaries are placed along the cheeks
and the forehead, but will not be satisfied when the
boundaries are placed along the eyebrows, where the surface
orientation changes rapidly. Similar boundary conditions
were used in [6] in the context of photometric stereo.

Fig. 2. The generic face model obtained by taking the mean shape over
the entire USF database.

Finally, since all of the equations we use for the data
term, the regularization term, and the boundary conditions
involve only partial derivatives of z(z, y), while z(z, y) itself
is absent from these equations, the solution can be obtained
only up to an additive factor. We will rectify this by
arbitrarily setting one point to z(zo, y0) = zrer (20, ¥0)-

4.4 Step 3: Estimating Albedo

Once both the lighting and depths are recovered, we may
turn to estimating the albedo. Using the data term, the
albedo p(z,y) is found by solving the following equation:

I(x,y) = plz,y)l Y (7).

The first regularization term in the optimization func-
tional (8) is independent of p, and so it can be ignored. The
second term optimizes the following set of equations:

(18)

)\QAG *p = )\QAG * Pref (19)

These provide a linear set of equations in which the first
set determines the albedo values and the second set
smoothes these values. We avoid the need to determine
boundary conditions simply by terminating the smoothing
process at the boundaries.

5 EXPERIMENTS

We tested our algorithm on images taken under controlled
viewing conditions by rendering images of faces from the
USF face database [16]. We further tested our algorithm on
images taken from the YaleB face database [12], on images
of celebrities downloaded from the Internet, and on images
photographed by us.

5.1 Experimental Setup

For the experiment with the USF face database, we used
77 face models. These models include depth and texture
maps of real faces (male and female adult faces with a
mixture of race and ages) obtained with a laser scanner. We
used the provided texture maps as albedos. These contain
noticeable effects of the lighting conditions, and hence could
possibly introduce some errors to our reconstructions. To
render an image, we illuminated a model simultaneously by
three point sources from directions l_: e R® and with
intensity L;. According to the Lambertian Law, the
intensities reflected by the surface due to this light are given
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Fig. 3. Eight examples of typical reconstructions from the USF database. In each example, we show, from left to right, the input image, a triplet of
shapes (the reference model, the ground truth, which is the laser scan, and our reconstruction) in two different viewpoints, and depth error maps
(100 - |2(z, y) — zar(z,v)|/2¢T(x, y)) between the reference model and the ground truth (left) and between our reconstruction and ground truth (right).
The colormap goes from dark blue to dark red (corresponding to an error between 0 and 40). The numbers under each of the error maps represent

mean and standard deviation values in percents.

by p >, Limax(7 1;,0). We also used the 3D faces from this
database as reference faces, either by using each of the faces
as a reference or by using a generic face obtained by taking

the mean shape over the entire database (Fig. 2).
The YaleB face database includes images of faces taken

under different viewing conditions (lighting and pose),

which we used as input images. To evaluate our
reconstructions we also reconstructed each face shape
using a photometric stereo method. This was possible
since the YaleB database includes many images of each face
taken from the same viewpoint but illuminated with
varying point source lightings, and the lighting directions
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Fig. 4. Mean depth error calculated for each of the 77 models from the USF database (a) with the generic model used as reference and (b) with each
of the USF models used as reference (average over all the models,). In each plot, two measures are displayed: the error between the reference and
the ground-truth shapes (red squares) and the error between the reconstructed and the ground-truth shapes (blue rhombuses). The overall means
and standard deviations in the top plot are 4.2 + 1.2 and 12.9 & 7.9 for the GT-Rec and GT-Ref errors, respectively. In the bottom plot, the overall
means and standard deviations are 6.5 + 1.4 and 13.8 & 2.8 for the GT-Rec and GT-Ref errors, respectively.

are provided. We used 10 such images for photometric
stereo reconstruction of each face. The rest of the experi-
ments were made with input images that were down-
loaded from the Internet or that were photographed by us
and hence we did not have a laser scan or a photometric
stereo reconstruction available.

For the cases when a laser scan or a photometric stereo
reconstruction is available, the accuracy of our reconstruc-
tions is demonstrated by the presented error maps. The
error maps were calculated per pixel as |z(z,y) — z5 (2, y)|/
Zgt(x,y), where zy(z,y) denotes the “ground-truth” depth
values (laser scan or photometric stereo). In addition, under
each error map we present the overall mean and standard
deviation values each multiplied by 100 to indicate
percents. In the cases where a laser scan or photometric
stereo are not available, the accuracy of our reconstruction
can be evaluated only visually.

We assume alignment between the face in the input
image and the reference model. With misalignment the
reconstruction results degrade, mainly when the bound-
aries (occluding contours) of the face in the input image and
the reference face are not aligned. To achieve alignment, we
first use marked points to determine a rigid transformation
between the reference model and the input image. We then
refine this alignment by further applying an optical flow
algorithm. We begin by marking five corresponding points
on the input face and on the reference face, two at the

centers of the eyes, one on the tip of the nose, one at the
center of the mouth, and one at the bottom of the chin. In
the case of frontal faces, we then use these correspondences
to determine a 2D rigid transformation to fit the image to
the reference model.

For nonfrontal faces, we apply an additional procedure to
recover a rough approximation of the 3D rigid transforma-
tion that transforms the reference model to the orientation of
the face in the input image using the same marked five
points. Specifically, let the 2 x 5 matrix p’ denote the points
marked on the inputimage, and let the 3 x 5 matrix P’ denote
the points marked on the reference model. We first subtract
the mean from each of the matrices to get p=p' —p’ and
P=P — P.Wethenlet A =pPT(PP") " andt = — AP,
where A is 2x3 and t is a 2-vector. To apply this
transformation in 3D, we augment A and ¢ by fitting a 3 x 3
scaled rotation matrix to A and setting the third component of
t be 0. Such a transformation may cause occlusion of parts of
the reference shape model. To remove the occluded points,
we use the approximate z-buffer technique for point sets by
[18]. This method examines groups of points that project to
the same neighborhood of the depth map, and identifies
those points that are closer to the viewer.

Finally, to achieve finer alignment, we apply the optical
flow algorithm of [3] (with default parameters). In particular,
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Fig. 5. The mean angle between the true lighting and the lighting
recovered with different reference models (shape and albedo). The error
was calculated over a database of 77 shapes, over 19 different lightings.
The histogram shows the number of models that produced each value of
error. The plot shows the average error for each ground truth lighting
direction (the color code goes from blue to red, representing low to high
values). The total mean and standard deviation of this error is
4.9° £ 1.2°. The azimuth, rlevation and error values are in degrees.

after finding the spherical harmonics coefficients I, we
produce a reference image using these coefficients and the
reference model. We then find the flow between the
reference and input images. This flow is applied to the
reference model that is used in the reconstruction algo-
rithm. After the alignment procedure, all of the images are
of size 360 x 480 pixels.

The following parameters were used throughout all of
our experiments: The reference albedo was kept in the
range between 0 and 255. Both \; and A; were set to 30. For
the regularization, we used a 2D Gaussian with 0, = 0, = 3
for images downloaded from the Web and ¢, = ¢, = 2 for
all of the rest of the images. Our MATLAB implementation
of the algorithm takes about 9 seconds on a quad-code
AMD processor 2354 1100 Mhz Linux workstation, and the
optical flow implementation takes another 20 seconds.

This concludes the general setup. In the remainder of this
section, we describe the experiments made on images
rendered from the USF database as well as images from the
YaleB database, images downloaded from the Internet, and
images photographed by us.

5.2 Images Rendered from the USF Database

In Fig. 3, we present the results of the reconstruction
obtained for images rendered from the USF models. We
show eight examples. In each example, we present the input
image and two triplets (two viewpoints) of shapes: the
reference shape, the ground truth (laser scan) shape, and
our reconstructed shape. We also present two error maps:
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Fig. 6. Mean reconstruction error with 19 different point source lightings
(computed over 13 different face shapes). Each point marks a lighting
direction and the color and number next to it represent the reconstruc-
tion error (in percents). Azimuth and elevation are in degrees.

between the laser scan and the reference shape (on the left)
and between the laser scan and the reconstructed shape (on
the right). The numbers under each of the error maps
indicate the mean error and the standard deviation (in
percents). In this experiment in all reconstructions we used
the same reference face—a generic face obtained by taking
the mean shape over the entire USF database.

We observe that the recovered shapes are consistently
very similar to the laser scan shapes (visually and also by
examining the error values). By comparing the two error
maps in each example we can see how the reference shape
was modified by the algorithm to fit the image. In most
cases the reference face was molded to fit the correct shape
very closely, overcoming, in some cases, significant differ-
ences in shape (see, e.g., the second, fifth, and eighth rows)
and in facial expression (see the seventh row). Occasional
errors, however, remain in some of the cases, particularly
near facial features.

In Fig. 4, we show the overall mean reconstruction error
for each of the 77 faces in the USF database when we use as
reference the mean face (upper plot), and when each face is
reconstructed with each of the rest of the models in the
database serving as a reference model (bottom plot). The
red squares mark the difference between the reference and
ground truth shapes, and the blue diamonds mark the
errors between the reconstruction and ground truth. We can
see that, in all cases, the reconstruction errors are smaller
than the differences between the reference model and the
ground-truth scans. Indeed, the overall means and standard
deviations of the reconstruction error are 4.2 + 1.2 and 6.5 £
1.4 in the top and bottom plots, respectively, whereas the
overall means and standard deviations of the difference
between the reference model and the ground-truth are
129 £ 7.9 and 13.8 £ 2.8.

We further examined the accuracy of the process by fitting
a2Dimage toa 3D reference face model (shape and albedo) of
a different individual. We have run the following experi-
ment: We first rendered 19 images of each of the face models
in the database; each was rendered with a single point light
source. We then recovered the lighting from each image by
comparing it to all the other 3D models in the database. We
calculated, for each such pair, the angle between the true
lighting and the recovered one; this represents the error in
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Fig. 7. Six reconstruction examples from the YaleB database. In each example, we show from left to right the input image, a triplet of shapes

(reference model,

reconstruction by photometric stereo, and our reconstruction) in two different viewpoints, and depth error maps

(100 - |2(z,y) — zps(z,y)|/2ps(z,y)) between the reference model and the photometric stereo reconstruction (left) and between our reconstruction
and the photometric stereo reconstruction (right). The colormap goes from dark blue to dark red (corresponding to an error between 0 and 40). The
numbers under each of the error images represent the means and standard deviations of these differences in percents.

lighting recovery. The result of the experiment is shown in
Fig. 5. Azimuth and elevation are the angular displacements
in degrees from the y-axis and from the y-z plane,
respectively. We observe from the histogram that the mean
angle is 4.9 degrees with standard deviation of 1.2 degrees,
which is sufficiently small. The plot in this figure shows how
the error changes for different point source lightings. It
appears that negative elevation values tend to produce
higher errors. Below, we also observe that the reconstruction

error experiences similar behavior.
Fig. 6 shows how the reconstruction error varies with a

different choice of lighting direction. For this experiment,
we rendered images of 13 different face models with
19 point source lightings, and calculated the mean
reconstruction error for each lighting direction. We observe
that the error is higher for negative elevation values. This

may be attributed to the errors in the light recovery in Step 1
of the algorithm, which exhibit a similar pattern (see Fig. 5).

5.3 Images Outside the USF Database

In Fig. 7, we present six example reconstructions of faces
from the YaleB database. To evaluate our reconstructions,
we additionally reconstructed each face shape using a
photometric stereo algorithm. For each example, we present
the input image and two triplets (two viewpoints) of
shapes: the reference shape, the photometric stereo recon-
struction, and our reconstruction. We further present the
two error maps, between the reference model and the
photometric stereo reconstruction and between the recon-
struction with our algorithm and the photometric stereo
reconstruction. The numbers under each of the difference
maps indicate the overall mean and standard deviation. We
observe that our algorithm achieved good reconstructions,
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Fig. 8. Reconstruction of three faces from the YaleB database, from five
different poses. In each example, we present, from top to bottom, the
input image, the reconstructed shape, and an image overlay on the
reconstructed shape. The numbers below each reconstruction show the
mean and standard deviation of the depth difference between our
reconstruction and a photometric stereo reconstruction.

overcoming significant differences between individuals.
Examples one and six also demonstrate that our algorithm
is robust to moderate amounts of facial hair, although it is
not designed to handle facial hair.

In Fig. 8, we further apply our algorithm to images of
nonfrontal faces from the YaleB database. We present
reconstructions of three faces viewed in five viewpoints.
For each face and pose, we show the reconstructed shape
and image overlay of the reconstruction. Under each
reconstruction we further present the overall mean and
standard deviation of the difference between our recon-

struction and the photometric stereo. In each case the face is
reconstructed from a single image. In principle, such
reconstructions can be combined together using 3D align-
ment techniques to produce a fuller 3D shape of a person’s
face and, by this, overcome the visibility issues that arise in
single image reconstruction (e.g., part of the face can be
occluded in a single view).

Finally in Fig. 9, we present results of our algorithm on
eight images that were downloaded from the Internet and
two more images that were photographed by us. An
additional result is shown in Fig. 1. While we do not have
the ground truth shapes in these experiments, we can still see
that convincing reconstructions are obtained. Note espe-
cially the reconstruction of Tom Hanks’ face obtained with a
smile (top right), the wrinkles present in the reconstructions
of Clint Eastwood and Samuel Beckett (second row on the
right and third row on the left), the reconstruction of the
painted Mona Lisa (second row on the left), the shape details
of Gerard Depardieu, and, finally, the two reconstructions
from images we photographed that include two facial
expressions of the same person.

6 CONCLUSION

In this paper, we have presented a novel method for 3D
shape reconstruction of faces from a single image by using
only a single reference model. Our method exploits the
global similarity of faces by combining shading information
with generic shape information inferred from a single
reference model and by this overcomes some of the main
difficulties in previous reconstruction methods.

Unlike existing methods, our method does not need to
establish correspondence between symmetric portions of a
face nor does it require storing a database of many faces
with dense correspondences across the faces. Nevertheless,
although this paper emphasizes the use of a single model of
a face to reconstruct another face, we note that our method
can supplement methods that make use of multiple models
in a database. In particular, we may select to “mold” the
model from a database shape that best fits the input image.
Alternatively, we may choose the best fit model from a
linear subspace spanned by the database or we may choose
a model based on some probabilistic criterion. In all cases,
our method will try to improve the reconstruction by
relying on the selected model.

Our method handles unknown lighting, possibly coming
from combination of multiple unknown light sources. We
allow for attached shadows; however, we ignore cast
shadows. In theory, estimation of cast shadows can be
incorporated in our method by finding an initial estimate of
shadows using the surface geometry of the reference model
and then by iterating our reconstruction procedure to solve
for the unknown depth and locations of cast shadows
concurrently.

We tested our method on a variety of images, and our
experiments demonstrate that the method was able to
accurately recover the shape of faces, overcoming signifi-
cant differences across individuals including differences in
race, gender, and even variations in expressions. Further-
more, we showed that the method can handle a variety of
uncontrolled lighting conditions and that it can achieve
consistent reconstructions with different reference models.

As our method uses a single reference model for
reconstruction, it would be interesting to see if a similar
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Fig. 9. Reconstruction results on images of celebrities downloaded from the internet and two images photographed by us (bottom row). In each
example, we present the input image, our 3D shape reconstruction, and an image overlay on the reconstructed shape.

approach can be constructed for objects other than faces in
which a 3D prototype object is provided and used for
reconstruction of similar, yet novel shapes from single
images.
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