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A B S T R A C T

Reconstructing 3D face models from 2D face images is usually done by using a single reference 3D face
model or some gender/ethnicity specific 3D face models. However, different persons, even those of the same
gender or ethnicity, usually have significantly different faces in terms of their overall appearance, which
forms the base of person recognition via faces. Consequently, existing 3D reference model based methods
have limited capability of reconstructing precise 3D face models for a large variety of persons. In this paper,
we propose to explore a reservoir of diverse reference models for 3D face reconstruction from forensic
mugshot face images, where facial examplars coherent with the input determine the final shape estimation.
Specifically, our 3D face reconstruction is formulated as an energy minimization problem with: 1) shading
constraint from multiple input face images, 2) distortion and self-occlusion based color consistency between
different views, and 3) depth uncertainty based smoothness constraint on adjacent pixels. The proposed
energy is minimized in a coarse to fine way, where the shape refinement step is done by using a multi-
label segmentation algorithm. Experimental results on challenging datasets demonstrate that the proposed
algorithm is capable of recovering high quality 3D face models. We also show that our reconstructed models
successfully boost face recognition accuracy.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Three dimensional (3D) face models have been extensively used
in face recognition task under unconstrained environment, thanks
to their capability of addressing the problem of pose, illumination,
and expression variations that commonly exist in natural images. It
is, however, both expensive and tedious to collect 3D face data by
using 3D scanners. On the other hand, there are already plenty of two
dimensional (2D) face images available from various sources, such
as social media and forensic databases. Moreover, the number of 2D
face images keeps increasing rapidly every day. Therefore, it is of
significant importance to develop methods that can reconstruct 3D
face models from these 2D face images. In this paper, we focus par-
ticularly on the problem of reconstructing 3D face models from one
frontal and two profile face images. Such uncalibrated 2D face images
widely exist in forensic mugshot databases and are routinely used by
police officers.

A number of 3D face reconstruction methods have been proposed
in the literature. Most of prior arts use existing 3D face models as
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reference, which provides scale of the face or depth of the facial com-
ponents that are missing in the input uncalibrated 2D face images.
Reference 3D face models are thus needed to serve as a constraint on
the estimated 3D face model. Although impressive results have been
reported using such prior knowledge, these approaches have diffi-
culties to accurately reconstruct the 3D face models for persons with
tremendous appearance/shape difference, because they use only a
generic reference model or a few ethnicity specific reference models.
But different persons, even those of the same ethnicity, usually have
considerably different face shapes, which forms the basis of person
recognition via faces. Fortunately, it is possible that different per-
sons may share some similar facial components, though their faces
are different in overall appearance. This motivates us to propose an
example coherent 3D face reconstruction method as presented in
this paper.

Unlike previous reference model based methods, our proposed
method explores a reservoir of diverse reference models and
searches for each component in the input face appropriate depth
guesses from the reservoir (Fig. 1). This way, it is of high probabil-
ity for us to find the most alike candidate for each component of the
input face. Our proposed method has several advantages: (i) Com-
pared with single reference model based approaches, our method
can effectively exploit more abundant reference models to avoid
heavy homogeneity of the reconstructed 3D face shape models;

http://dx.doi.org/10.1016/j.imavis.2016.03.001
0262-8856/© 2016 Elsevier B.V. All rights reserved.

http://dx.doi.org/10.1016/j.imavis.2016.03.001
http://www.ScienceDirect.com/
http://www.elsevier.com/locate/imavis
http://crossmark.crossref.org/dialog/?doi=10.1016/j.imavis.2016.03.001&domain=pdf
mailto: lijing712@scu.edu.cn
http://dx.doi.org/10.1016/j.imavis.2016.03.001


194 D. Zeng, Q. Zhao, S. Long, J. Li / Image and Vision Computing 58 (2017) 193–203

Fig. 1. Existing methods linearly combined multiple reference models to reconstruct 3D face model from the input 2D image, or only use one generic model or a gender/ethnicity
specific average model [1]. Our proposed examplar coherent method uses multiple reference models, each for some component in the input face. This way, our method can obtain
more accurate reconstructed 3D face models.

(ii) While expressing a novel face as a linear combination from mul-
tiple basis 3D face models (i.e. 3D Morphable Model) may suffer from
fine detailed reconstruction, our method is able to overcome this
issue thanks to pixel-wise optimization.

Specifically, we formulate the reconstruction problem by mini-
mizing an energy function under the following constraint: shading
consistency between the desired shape and the input face images,
distortion-preserving color consistency between adjacent views, as
well as uncertainty based depth smoothness within local neigh-
borhoods. The proposed energy is solved from coarse to fine, by
first estimating an initial shape from shading constraint, and then
reformulate the problem of searching for reference models and reg-
ularizing the refined 3D face model into one unified optimization
framework under Markov Random Field (MRF). Thus, the reconstruc-
tion problem is converted into a multi-label segmentation problem
and is solved using sophisticated algorithms.

The rest of this paper is organized as follows. Related work is
shown in Section 2. Section 3 describes the problem at hand. The
proposed energy is described in Section 4, together with the opti-
mization method. Experimental results and discussions are shown in
Section 5. And concluding remarks are drawn in the end.

2. Related work

Reconstructing 3D face shape from 2D face images has long been
explored. As the problem is ill-posed, usually additional information
is needed to reach the solution. Motivated by the importance and
unique properties of faces, many researchers utilize prior informa-
tion to regulate the final face model, such as shape prior in terms
of reference models, or illumination assumption of the face. On the
other hand, adding additional input (e.g., multi-view face images)
also improves the performance of 3D face reconstruction. In fact, 3D
face reconstruction from forensic mugshot images including frontal
and profile 2D face images has potential applications on public secu-
rity. In this section, we will review existing work on prior based 3D
face reconstruction, as well as face shape estimation methods from
forensic images.

2.1. Prior based approach

The prior based method has advantages of reducing the solution
space and simplifying the problem at hand.

The traditional Shape from Shading (SFS) methods [2–4] required
Lambertian reflectance property and an unknown light source direc-
tion to produce accurate models. These impractical constraints are
discarded by introducing an additional reference model [5,6], which
was based on the observation that different faces look similar glob-
ally but vary considerably across individuals in detail. Given an
arbitrary reference face, its known lighting, albedo and shape infor-
mation can be used as prior and be optimized iteratively in the recon-
struction process. One single reference model can also help recon-
structing 3D faces from unconstraint images [7], by successively
estimating the coarse model from landmark driven 3D warping, and
further refining the model using photometric normal constraint. This
method can produce fine detailed geometry; however, its compu-
tational time is unaffordable. The severe condition required in SFS
can also be overcame using learning-based approaches. Refs. [8–12]
reconstructed a 3D face by modeling the relationship between inten-
sity and depth, using statistical learning techniques such as PCA,
partial least squares, or canonical correlation analysis. One draw-
back of these methods is that the pixel by pixel alignment between
intensities and depthmaps is required.

For the single reference model based approaches, Ref. [13] recon-
structed the face shape from an arbitrary reference model, by
optimizing the displacement between the reference and the final
estimation through joint depth-appearance similarity. This arbitrary
reference model based method is able to produce visually pleas-
ant results, but is sensitive to the reference model in use and may
suffer from inaccurate reconstruction. To reduce the effect of arbi-
trary reference model, Ref. [14] synthesized an identity-preserving
reference model via photo collections of the same person. The recon-
struction process in Ref. [14] first estimated a dense 3D flow from
2D face image, and then optimized an objective function based on
shape from shading constraint. The identity-preserving model was
produced using technique from Ref. [15], by leveraging multiple
pose-and-expression-normalized image shading.

3D Morphable Models (3DMM) [16,17] based methods fall into
multiple reference model category. 3DMM is a crucial and widely
used method to estimate 3D shape of the face that fits a morphable
model to a 2D image. Linear combination of basis models is estimated
in terms of both shape and texture, and the reconstructed shape is
represented by model parameters that minimize the texture residual
errors between the rendered model image and the input. However,
some limitations need to overcome, for example, the convergence
time [18]. Simplified versions of 3DMM [19-23] usually use a sparse
set of shape models to reduce computational cost. These sparse
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models are constructed by statistically learning a set of 3D facial fea-
ture points, indicating salient features of a face, and in this way, a
large number of dissimilar faces are ignored. The state of the art [24]
proposed to reconstruct the face shape in real-time by separately
fitting rigid and non-rigid part of the face. However, density of the
reconstructed 3D point cloud is the key issue of this method, hinder-
ing its way to dense detailed reconstruction. In fact, the morphable
model based methods all lack the ability to describe rich geometric
details of the surface, and some even require frontal view of the face
with homogeneous illumination and neutral expression [22].

2.2. Forensic image based approach

An additional profile face usually helps to reconstruct more accu-
rate models in the 2-view-based method. Ref. [25] obtained the
3D shape by deforming a generic model in accordance with the
extracted facial features, from both frontal and profile face images.
Ref. [26] first reconstructed an initial 3D face from the frontal image,
and then depth of the profile face is used to refine the result.
Nonetheless, notable deformations can be captured especially when
the reconstructed model is rotated under large view point changes.

The forensic mugshot database usually contains one frontal and
two profile face images. In this experimental settings, Ref. [27] uti-
lized sparse bundle adjustment to reconstruct 3D landmarks from
multi-view images, which are further used to deform a generic 3D
face model to the final shape. To better explore multi-view constraint
on texture images, Ref. [28] reconstructed 3D face model from 5
face images with approximately 45◦ apart. Their method followed
the pipeline of multi-view stereo, by first calibrating the cameras
through feature matching, and then obtaining dense face reconstruc-
tion based on voxels. However, as face images are textureless, the
calibration process may fail or inaccurate calibration results may be
obtained that may severely influence the final shape.

3. Problem statement

In this paper we aim at solving a particular multi-view 3D face
reconstruction problem in the presence of multiple reference mod-
els. Input of our algorithm contains three face images X = {lp, f, rp}
of the same person, including one frontal and two profile images
that are captured for forensic mugshot databases, and our goal is to

recover pointcloud-based 3D model of that person’s face. Framework
of our proposed algorithm is illustrated in Fig. 2.

Theoretically, any novel face model can be synthesized from a
database covering infinite number of faces, by assembling consistent
facial parts to the final model. However such database is impractical
and is not accessible experimentally. Fortunately, an optimal approx-
imation can be obtained when 1) a large set of reference models is
given, and 2) these prior models are of large variety of shapes.

Suppose the reference model pool is denoted as {Dr
l , l =

1, 2, . . . , K}, where Dr
l is the l-th reference model that is collected

using modern laser scanners. Examples of the reference modes are
shown in Fig. 3. Each reference model Dr

l is disassembled into irreg-
ular parts Dr

l =
⋃

kSr
k,l, so the final estimation can be obtained by

combining these parts X =
⋃

k,lS
r
k,l. Here k is index for each facial part

and l is index of each model.

4. Proposed method

Consistent facial part is defined by measuring coherency between
the output 3D face model and the input face images. In our formu-
lation, the coherency is measured by exploring shading information
of the input image, multi-view constraint between different view
points, as well as smoothness shape priors of the surface. On basis of
the three cues, we propose to solve the reconstruction problem by
minimizing the following energy function

E = Eshad + km • Emview + ks • Esmooth. (1)

The shading term Eshad ensures that our desired estimation be con-
sistent with the input images using shading information by solving
the Irradiance Equation. The second term Emview is a large distortion
and occlusion based multi-view constraint, imposing color consis-
tency between two adjacent views. And the uncertainty based depth
smoothness term Esmooth penalizes depth discontinuity between
neighboring pixels. The parameters km and ks are weighting param-
eters controlling importance of each term.

4.1. Energy function

4.1.1. Shading term Eshad

The shading term utilizes SFS theory, where 3D reconstruction
problem can be solved using shading information of the input image.

Fig. 2. Framework of our algorithm.
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Fig. 3. Example of the reference models selected from BU3D (left) and Bosphorus (right) database.

Usually, we represent the irradiance equation of a Lambertian sur-
face using I = q

−→
l −→n . Here

−→
l is lighting coefficient representing

the direction and intensity of a single point light source placed at
infinity, n is the surface normal and q surface albedo. Consider a face
image I(x, y), its corresponding surface is given by z(x, y), then surface
normal at point (x, y) is denoted as

−→n (x, y) =
1√

p2 + q2 + 1
(p, q, −1)T (2)

where p(x, y) = ∂z/∂x and q(x, y) = ∂z/∂y.
The above theory motivates us to design the shading term as

Eshad =
∑

v∈X

∑

i∈C
|I(pXi

v ) − q(pXi
v )

−→
l vn(Xi)|. (3)

Here X is the set of input images as mentioned in Section 3 and C is
the set of 3D point indexes within the face model. The symbol n(Xi)
denotes surface normal centered at point Xi = (x, y, z). The subscript
v in Eq. (3) represents each of the view point, thus p

Xi
v denotes the

corresponding 2D projection on view v with respect to Xi. Suppose Pv

is the projection matrix to view v, we have

p
Xi
v = PvXi. (4)

The shading term encourages the final estimation Xi be con-
sistent with shading information in each of the three views, by
simultaneously estimating albedo and lighting.

4.1.2. Multi-view consistency term Emview

In the shading term we explore shading properties of each input
image, but the multi-view constraint hasn’t been fully considered.
The view-point difference provides additional information by using
epipolar geometry, and helps further refine the final shape. Our
multi-view color consistency term is designed to measure color
consistency between pairs of images. This term states that, the
projections from the same 3D point onto different views should
have similar appearance. However, textureless property of natural
face image makes per-pixel similarity measurement among differ-
ent views ambiguity and insufficient. One possible way to address
this problem is to employ local image patches instead of single pix-
els for feature representation. Thus, for patch Ri centered at point i
in the frontal view, we can easily find its corresponding pixel j in the
profile view along with its corresponding patch Rj centered at j. How-
ever, in fact, Ri and Rj are not semantically matched pixel-by-pixel,
mainly due to the existence of large distortion and self-occlusion
between frontal and profile views. In this paper, we don’t directly
compare two square patches, but find correspondence between two
compact sets in the frontal and profile view. In this scene, it is possi-
ble that two or more pixels in the frontal view match with the same
counterpart on the profile view, and verse vice.

Suppose Ci = {X1
i , . . . , XM

i } is a compact set of 3D points centered
at i, we define the multi-view color consistency term as

Emview =
∑

(u,v)

∑

i∈C

M∑

m=1

‖ I(p
Xm

i
u ) − I(p

Xm
i

v )‖2. (5)

Here (u, v) denotes a pair of neighboring views. In our special case,
the two profile views are not neighbors because they share no com-
mon regions. Note that in Eq. (5) the extracted compact regions from
u and v are semantically registered.

4.1.3. Smoothness term Esmooth

The depth smoothness term ensures smooth transition in depth
and penalizes sharp depth edges. The smoothness prior is reasonable
because human faces can always be described using smooth surfaces.
We define the depth smoothness term as

Esmooth = wij

∑

(i,j)∈N

‖ Xi − Xj‖2. (6)

Here N is the set of neighboring points. The weighting parameter wij

describes uncertainty of the depth guesses and is further defined as

wij =
wi + wj

2
. (7)

The smoothness term states that geometry of neighboring points
should change smoothly, especially when large uncertainty occurs
on depth estimation Xi and Xj. Meanwhile, we tend to relax the
smoothness constraint when depth estimation is accurate. Uncer-
tainty of the depth guess is measured to enforce geometric constraint
on the energy, by assuming that surface normal and its tangent
should be perpendicular. Thus for each point i, we define uncertainty
wi as

wi = |Nor(Xi) • Tan(Xi)| (8)

where normal Nor(Xi) and tangent vector Tan(Xi) of point Xi can be
estimated using universally acknowledged equations.

4.2. Energy minimization

There are several unknowns in the proposed energy in Section 4.1,
such as the 3D face shape, lighting parameter and albedo. To make
this problem well-posed, we use an approximate approach by first
estimating an initial model from the shading term and then reformu-
lating the proposed energy into a discrete multi-label segmentation
problem.

4.2.1. Initial model estimation
We would first estimate albedo, lighting parameters and an initial

3D face model according to the shading term base on the assumption
that the face is Lambertian with albedo while ignoring the effect
of cast shadows and inter-reflections. Motivated by the previous



D. Zeng, Q. Zhao, S. Long, J. Li / Image and Vision Computing 58 (2017) 193–203 197

works [5,6] that are able to recover depth from a single face image
in the presence of a single reference model, we estimate shape of the
face model by iteratively optimizing light, albedo and shape. How-
ever, Refs. [5,6] focused mainly on the frontal view. In this work, we
modify this algorithm to adapt both frontal and profile views. For
profile images, we first rotate the reference model to the profile view
and then go through the pipeline of depthmap estimation.

For each input view, a depthmap corresponding to that view is
estimated. To merge these depthmaps into a full model, we assume
rigid transformation between different view models. We further
make a rough assumption that by rotating 90◦ around the vertical
line, thus the 3D model of the profile view is in accordance with the
frontal view. Thus, given landmarks commonly seen in both frontal
and profile views, e.g. eye corners, we are able to merge an initial full
3D model by first rotating the profile model to the frontal view, and
then estimate the translation via corresponding landmarks.

4.2.2. Problem reformulation
To make the problem well-solved, we convert the continuous

minimization problem into a discrete minimization one, by formu-
lating the assembly process as a multi-label segmentation problem.
In our formulation, labels refer to index of multiple candidate shape
priors, and correspond to 3D point in space.

An external 3D face database is a realistic and meaningful shape
prior that can help regulate and refine the final geometry. To make
the assembly process meaningful, the prior database should first be
registered. We denote the training database as {Dr

l , Fr
l }, where Dr

l is
the l-th 3D face model and Fr

l is its predefined landmark points. With
the known initial face model D and its corresponding landmarks F,
we register candidate of the l-th reference model Dr

l to Dvia

Dl = TFr
l ,F • SFr

l ,F • Dr
l (9)

with Dl the registered shape. The symbol SFr
l ,F is a scaling matrix that

makes the candidate model be of the same size as the initial one, and
TFr

l ,F denotes the rigid transformation matrix including both rotation
and translation. Note that the semantic ordering of Fr

l and F should
be the same.

With the estimated initial model D and the registered prior
models {Dl}, we reformulate the discrete energy as

E(l) = Eshad(l) + km • Emview(l) + ks • Esmooth(l) (10)

where the discrete label l refers to each of the candidate model.

Discrete Shading Term Eshad. The discrete shading term encourages
that the final estimation be consistent to the initial model, thus
penalizes dissimilarity between the estimated output and the initial
guess. Suppose Dli is depth of point i in the l-th candidate model, we
rewrite this term as

Eshad(l) =
∑

i∈C
|Dli − Di| (11)

where Di denotes coordinate of 3D point i in the initial model.

Discrete Multi-view Consistency Term Emview. We rewrite the multi-
view consistency term according to Eq. (5)

Emview(l) =
∑

(u,v)

∑

i∈C

M∑

m=1

‖ I(p
Dm

li
u ) − I(p

Dm
li

v )‖2 (12)

and Dm
li

is depth of the m-th point in the li-th candidate model, within
the compact set centered at i.

Discrete Smoothness Term Esmooth. For the discrete smoothness term,
we rewrite Eqn. 6 as

Esmooth(l) =
wli + wlj

2

∑

(i,j)

‖ Dli − Dlj ‖2. (13)

The corresponding weighting parameter wli is related to normal and
tangent of the surface, which are estimated using higher-order con-
straint. To make this term available pair-wisely, we approximate wli
within a 4-neighbor lattice network that

wli =
∑

j∈Ni

|Nor(Dli ) • Tan(Dli , Dlj )|. (14)

Here j is within i′s neighborhood Ni and the tangent vector of Dli is
estimated via its neighboring point Dlj that

Tan(Dli , Dlj ) = Dlj − Dli . (15)

As pair-wise constraint is not sufficient to estimate normal, we
approximate Nor(Dli ) as

Nor(Dli ) = (Dlx+1
i

− Dlx−1
i

) × (D
ly+1
i

− D
ly−1
i

). (16)

Fig. 4. RMSE calculated over each of the 105 subjects from Bos database. The green square shows error between SFS and the groundtruth. Our reconstruction error is illustrated
in blue star and red circle, each of which corresponds to different reference pools, namely the Bos pool and the Bu3d pool respectively.
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Fig. 5. From left to right, three examples of the reconstructed models from Bos database. The first row is the input images, the second row shows reconstructed results using
different methods, and the last row shows error maps of the corresponding models in the second row. For each example, the models from left to right come from: SFS method,
our method using Bu3d pool, our method using Bos pool, and the groundtruth model (GT).

Suppose Dli denotes depth of the l-th candidate at pixel i, the depth
of its right neighbor along x direction is denoted as Dlx+1

i
and D

ly+1
i

is

depth of its lower neighbor along y direction. Thus, normal estima-
tion is independent of neighboring point j, but searches for the local
neighborhood centered at i.

4.2.3. Optimization algorithm
With the proposed algorithm we have converted the 3D face

reconstruction problem into a MRF labeling one, and solve the dis-
crete energy function in Eq. (10) that combines different cues and
constraints in order to achieve the optimization goal. To simplify
the optimization process, the dimensional of the solution space is
reduced from 3D to 2D in order to use mature optimization algo-
rithms in image processing. To achieve this goal, we would first
compute the corresponding 2D depthmaps from these registered 3D
models.

Pointcloud–Depthmap Convention. Similar to [28], we sample the 3D
point in a cylindrical coordinate system which yields a compact rep-
resentation of the 3D surface, and represent geometry of the face
using depth image d. Suppose a Cartesian coordinate system on a
3D face whose original point O = (Cx, Cy, Cz) is at the center of
the face model, with its X–Y coordinate parallel to horizontal and
vertical lines, and the Z axis points frontward. In the converted

depthmap, the value d = d(x, y) at pixel (x, y) denotes depth of the
corresponding 3D point Xh,0,d

Xh,0,d = (d • sinh + Cx,0 + Cy, d • cosh + Cz) (17)

with

x = kx • h ∗ 180/p, y = ky • 0. (18)

Here h is the angle between OXh,0,d and the Z axis, and 0 denotes
point projection along Y axis in the Cartesian coordinate. Symbols kx

and ky are parameters controlling density of the depthmap.

Graph-cuts Optimization. We choose to use graph-cuts to minimize
the proposed energy function in Eq. (10) because: 1) the max-
flow-based optimization algorithms are proven to achieve a global
minimum solution and meanwhile, 2) their complexities remain in
the order of polynomial time in terms of the number of the underly-
ing graph nodes and edges. In this paper we use a-expansion to solve
the converted multi-label segmentation problem.

5. Experimental results

In this section we describe our experiments. We evaluate our
method from two different perspectives. We first show qualitative

Fig. 6. (a) Example of the final labeling results. Semantic part comes from the same candidate model that is encoded in the same color. (c) Input face images. The other images
are final selected faces from the reference pool. The facial parts marked ’1’ at the nose area in (b), ’2’ around the right in (e), ’3’ around the left eye in (d) and ’4’ mouse area in (f)
are assembled to form the final model. The assembled areas are visually similar in both appearance and shape.
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Fig. 7. From left to right, three examples of the reconstructed models from Bos database. For each set of examples, the first row shows the input frontal and profile face images.
The following rows show untextured mesh from: SFS method, our method using Bu3d pool, our method from Bos pool, and the groundtruth scanning.

and quantitative results of the reconstructed shape. We then show
performance of our results in 3D face recognition.

We evaluate our proposed method on two different datasets.
The constraint Bosphorus (Bos) dataset1 contains a total of 105
subjects with different poses, including one frontal (0

◦
) and two

profile (±90
◦
) face images for each subject. Bos also provides the

groundtruth models that are captured via laser scanner. The uncon-
straint Colorferet [29] dataset is much more challenge, because 1)
the input frontal face is not exactly 0

◦
facing forward, and 2) the

input profile faces are not 90
◦

rotation from the frontal one. Further-
more, Colorferet also contains images with different expressions. To
show effectiveness of our algorithm, we manually selected 349 sub-
jects from Colorferet for evaluation. The selected subjects are of near
neutral expression, near frontal, and the input profile faces are facing
near 90

◦
.

Unless otherwise indicated, all experiments were run with the
same parameters. We manually set the parameters in Eq 1 as km = 2
and ks = 30. The 3D compact region used in multi-view color consis-
tency term is set to be 7 × 7 in the cylindrical coordinate system (e.g.
M = 49). We implemented the proposed algorithm using C++ on a
64-bit windows workstation with Intel i5 CPU and 4GB memory.

5.1. 3D face reconstruction evaluation

We first ran our method on Bos dataset. To show that our method
is not sensitive to the prior reference models, we choose two sets
of references for comparison (Fig. 3). The Bu3d database2 contains
100 subjects, ranging races from White, Black, Indian, East Asian,

1 http://bosphorus.ee.boun.edu.tr/Home.aspx
2 The Bu3d data comes from State University of New York at Binghamton.

Middle-east Asian to Lation-Hispanic, with 44 males and 56 females.
The other reference dataset is Bos dataset itself. For each subject
be reconstructed, it is automatically withdrawed from the refer-
ence pool, and only the other 104 models are used as references.
The 3D face models in the reference pool are first registered to the
initial reconstruction, and served as depth candidates for further
optimization.

In our experiment, resolution of the frontal view is 205 × 181,
and 205 × 150 for profile views. On average, the computational cost
for each subject is about 30 s. For quantitative evaluation, we show
accuracy of our algorithm in terms of Rooted Mean Square Error
(RMSE). Suppose Xes is the estimated depthmap, and Xgt is the cor-
responding grondtruth. The RMSE for each model is computed as

RMSE =

√∑
i ‖ Xes

i − Xgt
i ‖2

N
(19)

where i is index of each pixel and N the total number of valid pixels
in use.

Fig. 4 shows the overall mean reconstruction error for each of
the model in Bos. We compare our method with SFS [6]. Ref. [6]
reconstructed a 3D face model from a single image by employing a
single reference face model. Ours is different in two perspectives:
1) our method uses both frontal and profile images as input, which
provides more information compared with the single image setting,
so ours can produce more accurate reconstruction; 2) our method
utilize multiple reference models, which is much less model-reliant
compared with the single reference model approach. In general, our
reconstruction error is much smaller than that form SFS. We also
show that our reconstruction error from Bos pool is comparable to
that from Bu3d pool, demonstrating that our method is not sensitive

http://bosphorus.ee.boun.edu.tr/Home.aspx
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Fig. 8. Energy distribution versus number of iterations with respect to (a) data term (b) smoothness term and (c) total energy. (d) shows error distribution as number of iteration
increases.

to different reference model sets, thanks to our examplar coherent
pipeline.

Fig. 5 shows examples of reconstructed shape compared with
the prior art [6] rendered under different view points. The error
map is calculated using absolute difference between the estimated
model and the groundtruth. We show that our optimization pipeline
can correct large depth errors, both on the surface and at depth
boundary.

Fig. 7 shows more rendering results from new synthesized view-
point, where the results from SFS [6] are oversmoothed. Meanwhile,
our method can preserve more geometric details, thus producing
more visually pleasant results. In comparison with our method using
different reference models, we find that the reconstruction from
Bos pool can produce more detailed geometry (e.g. around the eye,
the mouse). This is because the reference models in Bos contain
more details compared with that from Bu3d (Fig. 3). Note that our
example-based pipeline searches for the most coherent patchwork
from the reference pool and then assembles them. So it is reasonable

that detailed reference pool produces more detailed reconstruction.
Fig. 6 shows the final label distribution that are encoded in color.
Although we don’t aim at semantic segmentation on the face, the
labeling results can provide some clue that coherent parts from dif-
ferent persons are usually semantically distributed. Usually, dozens
of faces are enough for synthesizing a desired face.

To show effectiveness of using the discrete optimization
algorithm, Fig. 8 shows one sample on how energy and error vary as
the number of iteration grows. Fig. 8 (a), (b), and (c) shows energy
decline with respect to the data term, smoothness term, as well
as the total energy, experimentally demonstrating that optimizing
our energy function using a-expansion is possible. Fig. 8 (d) further
shows how the reconstruction error declines during iteration, which
on the other hand illustrating correctness and effectiveness of the
optimization algorithm in use. Fig. 9 provides textured shapes in each
of the iteration in Fig. 8. The visual artifact reduces significantly after
the first iteration, which is in accordance with error distribution in
Fig. 8 (d).

Fig. 9. The shapes reconstructed in each iteration. The initial model is shown as the 0th iteration.
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Fig. 10. Different input conditions from the constraint Bos dataset (left) and the unconstraint Colorferet dataset (right). For each dataset, from left to right shows right profile
image, left profile image, initial depthmap and optimized depthmap in cylindrical coordinate system. The final estimation is not sensitive to inaccurate profile pose and the initial
model.

We also test our algorithm on the Colorferet database, which is
much more challenging because it is less controlled and exhibit more
variations, i.e. it violates the assumption that 3D model of the profile
view can be obtained by rotating 90

◦
around the vertical line. In our

experiment, the profile views are usually [70, 90]
◦

facing left or right.
Fig. 10 shows the initial SFS condition used in different datasets. The
rough initial model originates from inaccurate input poses. However,
our method can still improve quality of the final model (Fig. 10 (d))
under such unconstraint environment. Fig. 11 shows more results
with different synthesized views from Colorferet. In such tough con-
ditions, our algorithm can also produce visually pleasant results,
demonstrating robustness of our proposed method.

5.2. 3D face recognition evaluation

One of the most important applications using 3D face models is
3D face recognition. To evaluate performance of our reconstructed
model, we test it in our newly designed 3D face recognition system,
and show its superiority in terms of recognition rate.

3D models can help solve pose variation problem that commonly
exists in 2D face recognition. For instance, when the query face is fac-
ing 60◦ left, but the gallery contains only frontal faces. With 3D face
model in the gallery, we can generate 2D face images of that per-
son facing exactly 60◦, and compare it directly with the input image.
In such scenario, 3D face models can be used to enlarge diversity of
enrolled gallery in order to improve performance of 2D face recogni-
tion under various poses. However, generating the view-dependent
face images can be costly both on memory space and computa-
tional complexity. Consequently, in this experiment our 3D-aided
face recognition pipeline focuses on locating corresponded semantic

parts across different poses via 3D models. The gallery contains one
frontal and two profile face images, as well as their 3D face models.
And we aim at recognizing a face image facing arbitrary view.

In our experiment, only 7 landmarks are used, they are two eye
centers, two eyebrow centers, nose root, nose tip and the mouth
center. The 7 predefined landmarks are first located on both the
2D face images and the corresponding 3D face models. Note that
the 2D and 3D landmarks are semantically corresponded within the
same identity. The 3D semantic patches centered at 3D landmarks
are then projected on both frontal and profile images. These pro-
jected 2D patches form the basis of gallery features. Given a face
image of an arbitrary pose, these semantic patches from the input
image can also be extracted via landmark correspondences. As a
result, the cross pose face recognition problem is converted into
a semantic patches feature matching problem. Similarity measure
between semantic patches in the gallery and those of the input is
calculated based on local binary patterns (LBP) descriptor. We com-
pare the features extracted in the enrolled images and that of the
probe, and recognition result is obtained using nearest-neighbor
classifier.

We conduct our experiment on Bos. For the gallery, we choose 3
different poses for evaluation, including facing up, right up and right
down. The results are shown in Fig. 12. For each pose, the recogni-
tion rate is calculated over all the 105 samples. Our reconstructed
model helps boost recognition rate compared with SFS, because ours
can produce more accurate results. With the aforementioned recog-
nition method, the corresponding patches between different poses
are semantically coherent when the underlying 3D model being pre-
cisely estimated. In this perspective, it is reasonable that our model
produces much higher recognition rate.

Fig. 11. Three example of the reconstruction from Colorferet database. For each subject, the first row shows input images, the second and third rows show reconstructed results
using SFS and our method respectively.
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Fig. 12. (a) Recognition rate in Bos. The probe poses we use are: right down (CR_RD_0), right up (CR_RU_0) and up (PR_U_0). (b) We visualize cases where Rank-1 hits using our
model while using that from SFS fails. For each sample from left to right, SFS hits at Rank-6, Rank-5 and Rank-9, respectively.

We also test our reconstructed model on Colorferet in terms of
face recognition. We manually select 200 samples in Colorferet with
neutral expression and without occlusion. We choose face images
facing 67.5

◦
right as query, and our reconstructed model obtains

recognition rate of 76.5%, 5% boosts compared with that from SFS.

6. Conclusion

In this paper we proposed an examplar coherent method for 3D
face reconstruction from forensic mugshot database. This problem is
challenging due to the uncalibrated input images with wide base-
line. As face images are textureless, the traditional multi-view stereo
pipeline could not work. We address this by using an external face
database and generating the result through facial part composi-
tion. We proposed an energy function to formulate the 3D face
reconstruction problem using cues from 1) shape from shading 2)
multi-view color consistency and 3) depth smoothness prior, and
solved it by first estimating shading parameters and then convert-
ing it to multi-view image segmentation problem. Quantitative and
qualitative evaluation results show the effectiveness of our algorithm
in reconstructing accurate 3D face models. Additional supportive
experiment on face recognition further shows that our method is
capable to produce accurate face models and enhance face recogni-
tion accuracy. The work can be extended to 3D face reconstruction
from multiple arbitrary views, with less computational cost.
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