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Abstract

Head pose estimation helps to align a 3D face model to
a 2D image, which is critical to research requiring dense
2D-to-2D or 3D-to-2D correspondence. Traditional pose
estimation relies strongly on the accuracy of landmarks, so
it is sensitive to missing or incorrect landmarks. In this pa-
per, we propose a landmark-free approach to estimate the
pose projection matrix. The method can be used to estimate
this matrix in unconstrained scenarios and we demonstrate
its effectiveness through multiple head pose estimation ex-
periments.

1. Introduction

Recently, head pose estimation, which can be formulated
as a 3D-to-2D model fitting problem, has drawn much at-
tention. It is a fundamental and essential module in most
systems that require knowledge of pose of the human face.
Popular application domains include 3D face reconstruc-
tion from a single 2D image [7, 13, 18], and 3D-aided face
recognition [2, 15, 31, 14, 17].

Depending on their output, pose estimation systems can
be divided into two categories. In the first, the system re-
turns the head orientation parameters with respect to the im-
age plane [9, 19, 28, 29, 16, 3, 11]. The methods in this case
exploit machine learning approaches to learn a mapping be-
tween a 2D image and pose parameters directly so that the
only input is the region of interest (ROI) of the face. How-
ever, these landmark-free pose estimation approaches have
two limitations. First, they are constrained by the available
poses in the quantized space, and they are difficult to gener-
alize to new poses unavailable during training. Second, they
cannot estimate an accurate projection matrix that aligns a
3D model on a 2D image. In the second category of ap-
proaches, the system finds a decomposable projection ma-
trix that can be used to project a 3D head model to a given
2D image [2, 8, 13, 18]. Since these methods exploit the

classical 3D-to-2D projective geometry [12], they require
several landmarks (always more than four) to be accurately
annotated at identical positions on both 3D and 2D models.
The merit of these approaches is that every 3D vertex will
correspond to a location on the 2D face through the 3D-to-
2D projection matrix, which provides an accurate alignment
process for recovering point-wise 3D information from the
2D image space [7, 13, 18], as well as a solution for aligning
two facial images depicting different poses into the same
canonical space. This class of approaches has been widely
used in 3D-aided face recognition and has been shown to
achieve very competitive performance [15, 31].

There is much research in both categories of approaches,
but little research has been performed at their intersection.
Consider the task of estimating the head pose in an image
captured by a low-resolution surveillance camera. Assum-
ing that (i) automatic landmark annotation approaches all
fail to report the precise fiducial points on the face, (ii) a
personalized 3D model for texture lifting is not available,
and (iii) an estimated face ROI is available, how can the
pose be estimated accurately? In addressing this problem,
we propose a method that provides accurate estimates of the
yaw and pitch angle as well as a 3D-to-2D projection ma-
trix without landmark annotation and discretized pose con-
straints.

Our method takes advantage of the robustness of sparse
coding, the generality of boosted regression and 3D model
fitting, and the precision of template matching. The contri-
butions of our paper are: (i) a method to estimate a 3D-to-
2D projection matrix that does not require annotated land-
marks, and (ii) a method that estimates poses not available
in the training set.

The rest of the paper is organized as follows: Section 2
reviews the literature in pose estimation. Our method is pre-
sented in Section 3. Experiments and results are presented
in Section 4. Section 5 discusses the results and the conclu-
sions are offered in Section 6.



Figure 1. The overview of our method.

2. Related Work

The classical pose estimation methods [8, 12] which
have been adopted widely in 3D related research [2, 7, 13,
14, 18, 17] rely on landmark annotations. Even though the
pose is accurately estimated when the landmarks are an-
notated accurately, these methods do not work well when
the image resolution is low or multiple landmarks are miss-
ing. Another drawback of these methods is that the esti-
mated projection matrix can be decomposed into infinite
combinations of rotation and translation matrices, which
may result in an unconstrained head orientation space. Al-
though the rotation matrix is numerically correct when
working jointly with a 3D translation vector, the corre-
sponding pitch and yaw angles may not be consistent with
the facial orientation appearing in the query image. This
intrinsically creates a gap between the classical pose es-
timation and appearance-based pose estimation methods.
In this work, we build a bridge between the two do-
mains through rotation-determined-decomposition (RDD).
In training, with the help of annotated images and RDD, we
compute the intrinsic rotation matrix that corresponds to the
actual pitch and yaw angles observed in an image. In test-
ing, without the help of annotations, we estimate the pitch
and yaw angle of the face first, and then reconstruct the full
projection matrix iteratively.

The landmark-free (appearance-based) methods can gen-
erally be divided into two categories: classification-based
methods [9, 19, 28, 29] and regression-based methods
[11, 4]. Classification-based approaches are robust to small
appearance noise but are constrained by the discretization
of training space. Thus, they are not suitable for accu-
rate 3D model fitting. In addition, the local manifolds be-
tween different pitch and yaw angles have large variances,
which implies that an accurate parameter estimation method
needs to learn multiple subspaces to adapt to the subspace
changes [16]. This, however, undermines the robustness of
the method since the selection of local model and corre-

sponding pose estimation is always an ill-posed problem.
Geng and Xia [9] proposed a soft-labeling approach to ap-
proximate the pose label by neighborhood voting, which at-
tained state-of-the-art performance. However, this approach
still suffers from the constraint of training grids. The re-
gression methods [11, 4] are able to eliminate the limitation
of training poses and report on angles lying between the
grid samples. However, traditional regressors may not work
well to solve the extreme non-linear N-to-1 dimension re-
gression problem [16]. Recently, boosted regression [5, 30]
approaches have been demonstrated to work well to solve
the non-linear facial landmark regression problem. In this
paper, we adopted the method proposed by Xiong and Torre
[30] and extend it by adding a metric term. Instead of ex-
tracting the features in the original image, the feature map is
computed on the texture of annotated facial model (T-AFM)
[17], which is a pose-normalized space. The unique prop-
erty of this space helps us to learn a series of general regres-
sion steps instead of pose-specific local manifolds [16] in
parameter regression, thus circumventing the chicken-and-
egg dilemma while at the same time increasing the robust-
ness of pose estimation.

3. Method

The key to solving the landmark-free 3D-to-2D model
fitting problem in the proposed approach is to learn a
method to estimate the orientation and position of a 3D
model so that it is registered (with minimum error) to the 2D
image. To accomplish this objective, in training, we learn
a regressor < to move the inaccurately located 3D model
to an approximately correct position based on the values of
T-AFM. In testing, given a face ROI, we first estimate a raw
position of the 3D model with our 2D sparse coding (2dSC)
approach for initializing <, and then move the 3D model to
the correct position by <. The output of our method is an
estimated 3D-to-2D projection matrix P. The overview of
our method is depicted in Fig. 1.



3.1. Training

First, we propose to train a regressor that is able to com-
pute the 3D model’s location based on the values of T-AFM.
In the following, we illustrate why we need the T-AFM, and
describe our method for learning the regressor.

Texture of Annotated Face Model (T-AFM), which is a
pose-normalized space (Fig. 3), is defined by Toderici et al.
[25]. It is acquired in two steps. First, we align a 3D AFM
to a 2D image, so that the fiducial points of the 3D model
are projected at the corresponding position in the 2D image.
Then, we lift the texture from the original image to the T-
AFM based on the vertices of the aligned 3D model. Any
texture lying on the same mesh of the aligned 3D model
will be mapped to the same position on the T-AFM. With
the geometric constraints of the 3D mesh, even though the
faces may have different poses in the original images, in
T-AFM the pose factor is eliminated and they all face the
viewer. Recently proposed methods [2, 14] are intrinsically
similar to the T-AFM, as both employ a pose-normalized
space for verification/identification.

Specifically, to align the AFM to a 2D image, we first
need a 3D-to-2D projection matrix P. Traditionally, this
is acquired by solving a least square minimization problem
with the help of 2D and 3D landmarks. After we obtain,
P, we map the pixels of the original image into the T-AFM
according to the 3D mesh in M through a texture lifting
process g (see [17] for more details). Let Γµ denote the
texture of a T-AFM of image µ, then:

Γµ = g(Iµ,Pµ,Mµ), (1)

where Mµ is an AFM, and Iµ is the face ROI for image. An
accurate Γµ can be obtained if we have both a personalized
AFM Mµ, and a projection matrix Pµ∗ estimated from man-
ually annotated 2D and 3D landmarks (all notations with a
star are estimated from 2D and 3D landmarks). Unfortu-
nately, in real applications, we usually do not have access
to a personalized 3D model Mµ. An approximate Γµ can
be obtained by aligning a generic 3D AFM M̄ to the 2D im-
age if we have the 2D landmark positions. However, in both
circumstances, the accuracy of Γµ relies on the accuracy of
Pµ∗ , which is used to project the 3D model to the 2D image.
Since the 2D landmarks are occasionally not available, in
this paper we propose a method to leverage the current ob-
servation of Γµ to update Pµ and formulate the problem as
a non-linear regression problem.

Due to the unique pose-invariant property of T-AFM, in
ideal circumstances, given an Mµ, the distortion of T-AFM
is only dependent on ∆Pµ, the difference of Pµ from the
correct Pµ∗ rather than the current P itself. By learning a
mapping through T-AFM to ∆Pµ, we bypass learning mul-
tiple sensitive manifolds to adapt the local change of Pµ in
training, and learn a general way to regress P as well. There
are additionally two benefits to exploiting T-AFM. First, we

leverage more information lying on the non-fiducial areas
of the face. Second, we implicitly reduce the inter-class
distance between the representations of different poses in
T-AFM, which helps the regressor to converge more com-
pactly. Next, we illustrate Alg. 1 and Alg. 2, which we use
to learn the regressor: <.

Algorithm 1 Perturb the parameters for learning <
Input: Yµ, Xµ (µ = 1 : Z)
Output: tµ∗ , Sµ∗ , qµ,ν0

Step 1: Obtain the parameters: qµ,ν0 , tµ∗ , Sµ∗ by RDD
Step 2: Perturb qµ0 to obtain qµ,ν0 (ν = 1 : N2)

Step 11: To train a regressor from Γ to ∆P given the
P∗, we first generate T-AFM with different ∆P to simulate
the potential inaccurate 3D registration by perturbing P∗.
Since P is a matrix, we decompose it into pose parameters
and perturb them individually.

Let Y denote an n-by-2 matrix representing the array of
n 2D landmarks in an original image, i ∈ {1, . . . , n}, X
denotes an n-by-3 matrix representing the corresponding n
3D points on AFM. In the classical pose estimation frame-
work, we will decompose the 3×4 projection matrix P into
the following pose parameters: an upper-triangular intrinsic
matrix K, an orthogonal 3×3 rotation matrix R, and a 3×1
translation vector e as Eq. 3 represents:

Y = PX; (2)
P = K[R|e]. (3)

However, in this decomposition, since the K is unknown,
the results of numerical decomposition of P (e.g., QR-
decomposition) are not unique; if we modify any column
of K and the corresponding column in the [R|e], the P re-
mains the same. If we hope to train a stable model, we must
have a stable decomposition of P. There exists a way to ro-
tate an AFM to a pose where it shares the same look-up
direction with the provided 2D image. We call this rotation
matrix the intrinsic rotation matrix (O), and the way to ob-
tain O∗ is through RDD. This idea has been used for frontal
face image generation [2, 18], and in our work we general-
ize this method and use it to obtain the pose parameters for
perturbation.

The RDD can be formed as the following equation:

Y = CX + t = SOX + t. (4)

The 3D model first being rotated by O, then, projected into
a 2D space using S, which is a 2×3 matrix. Finally, the
2D projection is translated into the same position as the
input image based on the 2D translation vector t. Com-
pared with Eq. 2, this model is straightforward and similar

1In the description of step 1, we omit index µ for clarity.



to template matching. The term SOX can be considered
as a deformable template, t helps determine the position
of the template in a 2D image, and (SO) is a deformation
coefficient of the latent model X. Different from the upper-
triangular intrinsic camera matrix K in the classical model,
a 2×3 intrinsic projection matrix S is used to project the ro-
tated model from 3D space to 2D space. Ideally, the values
S(1, 1) and S(2, 2) are nonzero. They are the scalar values
measuring the stretching affect along pitch and yaw.

Since the roll angle can be eliminated by face detectors
through image rotation, we assume the images provided are
without roll. We denote the yaw and pitch angle of face
as qx and qy , and we concatenate them to form a vector q.
The 3×3 matrix O, then can be decomposed into a combi-
nation of two basic matrices by Eq. 5 according to classical
rotation matrix decomposition:

O(q) = Ox(qx)Oy(qy). (5)

In the following, we use O(q) to denote the O computed
from Eq. 5 based on q, and use O(q∗) to denote O∗.

When solving an inverse problem to obtain O(q∗) in
training, since Y and X are available, we first compute the
mean points of any two points in Y and X to suppress the
potential Gaussian noise in annotation [8]. We denote the
mean point sets as Ȳ and X̄. Let ȳ denote a single 2D point
in Ȳ. Then, we compute ȳi − ȳj(i 6= j, i, j ∈ {1, . . . , n})
for every pair of landmarks in Y to generate J. Here, i and j
are the indices of the landmarks. Correspondingly, we also
obtain the L on 3D through the pair-wise subtraction oper-
ation mentioned above. Hereby, we simplify Eq. 4 into Eq.
6:

J = CL = SO(q)L. (6)

The term (SO) is denoted by C, which can be obtained us-
ing a standard least squares minimization method. To de-
compose the 2×3 intrinsic projection matrix S and the or-
thogonal matrix O(q∗) from C, we first add a row to C and
set its values to be the cross product between the first two
rows to obtain matrix C′. It is used to recover the miss-
ing information on the z-axis. Then, by computing SVD,
we decompose the extended matrix C′ into C′ = UΩVT ,
whereby we are able to compute the following parameters.
O(q∗) = UVT and S∗ = C(O(q∗))−1. Finally, we obtain
t∗ = Ȳ − SRX̄. In Eq. (6), the decomposition of C′ is
independent of t so the O(q∗) can be determined.

Step 2: Since t and S are mainly determined by the loca-
tion and size of face ROI (I), q is the principal element that
affects P. Next, we concentrate on learning a mapping from
the features extracted on Γ to update q.

After we obtain the q∗, we need to generate an attraction
around q∗ and train a way to reach q∗ from any potentially
inaccurate initialization in testing. With this in mind, we

Algorithm 2 Learn the parameters of < (Step 3)
Input: Iµ, Mµ, Yµ, Xµ, qµ,ν0 , tµ∗ , Sµ∗
Output: Qk, bk (k = 1 : L)

1: while
∑
µ

∑
ν ||q

µ,ν
k − qµ,νk−1|| ≤ threshold do

2: Synthesize the 2D landmarks Ŷ
µ,ν

k

3: Estimate the Pµ,νk using Eq. 2
4: Obtain the T-AFM using Γµ,νk = g(Iµ,Pµ,νk ,Mµ)
5: Compute the FISH feature Λµ,ν

k on Γµ,νk
6: Estimate the Qk and bk for < using Eq. 7
7: Update qµ,νk using Eq. 8
8: k=k+1
9: end while

generate training samples to simulate the potentially inac-
curate q through perturbations of q∗. Specifically, since the
q∗ is composed of a pose and a yaw angle, around the q∗,
we perturb both angles N times and obtain qµ,ν0 , where µ
is the image index ranging from 1 to Z (Z is the number
of images in the training set), and ν is the index of pertur-
bation ranging from 1 to N2. The subscript 0 indicates the
initialization for Step 3. Steps 1 and 2 are summarized in
Alg. 1.

Step 3: In this step, a regressor is learned to update q
based on the features extracted on Γ. The engine of this re-
gressor is the supervised descent method (SDM) [30]. SDM
has been widely used in landmark localization and shown to
be effective in solving non-linear regression problems. Let
k denote the index of iteration and let L denote the maxi-
mum number of iterations. The regression parameters Qk

and bk are learned by solving the linear regression Eq. 7
based on multivariate linear regression, and the parameter
qµ,νk is updated according to Eq. 8:

arg min
Qk,bk

∑
µ

∑
ν

||qµ∗ − qµ,νk −QkΛ
µ,ν
k − bk||2, (7)

qµ,νk = qµ,νk−1 + ∆qµ,νk−1 = qµ,νk−1 + Qk−1Λ
µ,ν
k−1 + bk−1,

(8)

where Λµ,ν
k denotes the features extracted from Γµ,νk . To

obtain Γµ,νk , according to Eq. 1, the 3D-to-2D projection
matrix Pµ,νk is needed. To compute Pµ,νk from the qµ,νk ,
we first estimate the O(qµ,νk ) according to Eq. 5, then we
synthesize virtual 2D landmarks Ŷ

µ,ν

k using Eq. 4 based
on Sµ∗ , tµ∗ and Xµ. Finally, Pµ,νk is estimated by solving a
least squares minimization problem Ŷ

µ,ν

k = Pµ,νk X. Γµ,νk is
computed using Eq. 1. We then extract the feature Λµ,ν

k

as follows: we first divide Γµ,νk into two parts symmetric
along the horizontal axis. The part that is fully visible to the
observer in the current pose is called as the “visible compo-
nent”, which can be inferred by qµ,νk−1. We divide each com-
ponent into overlapping patches and compute the sharpness



score FISH [26] as a measure of local distortion. We con-
catenate the scores on each face component into one feature
vector, perform PCA to reduce its dimension, and then com-
pute the difference of the feature vector with the features
extracted from the same subject’s T-AFM in the reference
database to finally obtain Λµ,ν

k . Note that when regressing
the pitch, we exploit the feature vector in the visible com-
ponent, while regressing the yaw, we use the concatenated
feature vector of both components. This configuration pro-
vides the best performance in our experiments.

3.2. Testing

Algorithm 3 Align an AFM model to a 2D image
Input: I, M, X, Qk, bk
Output: P
Step 1: Estimate q0 by 2dSC based on I
Step 2: Estimate S0 and t0 using q0 and I
Step 3: Apply the Alg. 4 and obtain P

Step 1: Given a face ROI, we first need to estimate a
initial q, denoted by q0. Our starting point is based on the
conclusion of recent research [9] in facial pitch and yaw
angle estimation that uses multiple adjacent soft labels to
determine that actual pose is better than predicting a single
label. In this paper, we use an efficient approach to obtain
an initial pose as depicted in Fig. 1.

The sparse coding (SC) approach has been widely used
in face recognition [27]. However, there is little work ex-
tending it to solve a two-dimensional classification problem
(e.g., pose estimation). Similar to Masi et al. [20], we de-
sign a dictionary D ∈ Rθ×wh, where each column is a θ-
dimension feature vector extracted from the whole ROI in
training. The columns are represented by dσs , where s is the
element that belongs to the sth subject, and σ is the σth pose
in all available w · h poses in the training set; w denotes the
available yaw poses, and h denotes the pitch poses in train-
ing. Given a query sample ROI I, we estimate the sparse
coefficients a with Lasso [23]. Since the dictionary lies on
the 2D space, we name this method 2dSC:

arg min
a
|I− aD|22 + β|a|1. (9)

After we solve Eq. 9, the sparse coefficients a can be ob-
tained. Let a be a single element in a; we sum the ele-
ments across subjects

∑
s as and obtain a 1D vector. We

rearrange this vector to a w · h 2D coefficient matrix A,
where columns represent the yaw angle and rows represent
the pitch angle in the training set. A filter F is defined as fol-
lows: [0,1,0;1,1,1;0,1,0]. We compute the response of filter
F on A and find the maximum response position annotated
as A(w̃,h̃). The w̃ and h̃ are the corresponding yaw and pitch
angle of this position. Along with A(w̃,h̃), we place the four

neighboring elements of A(w̃,h̃) into an active set. Then, we
determine the estimated pitch and yaw angle in q0 by com-
puting the dot product of the elements in the active set and
the corresponding yaw/pitch angle in w · h poses, and sum
them. Finally, we regress the q0 to a nearest pose in w · h.

Step 2: We estimate Sk and tk using qk as follows. The
matrix Sk is obtained through first finding a set of train-
ing samples whose q∗ is similar to q0 through a nearest-
neighbor algorithm. Here we use φ to indicate the index of
a selected sample. We denote the scaling matrix S in the se-

lected sample to be Ŝ
φ

. Then, we divide the first and second

columns of each Ŝ
φ

by the width and height of the φth im-

age’s bounding box and obtain a normalized Ŝ
φ

, denoted as

Ŝ
φ

δ . We compute a mean Ŝ
φ

δ of all the selected samples and

multiply the mean Ŝ
φ

δ by the I’s width and height and obtain
our estimate of Sk. To obtain tk, we first compute an aver-
age offset between the φth bounding box’s center and the t̂φ

among the selected samples, then add this average offset to
the center of the I and finally obtain an approximate tk.

Step 3: We iteratively update q0 with the help of < ac-
cording to Alg. 4 and the whole process of testing is shown
in Alg. 3.

Algorithm 4 Estimate P
Input: I, M, X, Qk, bk, q0, S0, t0, reference T-AFM
Output: 3D-to-2D projection matrix P

1: Synthesize Ŷ0 using Eq. 4 and q0, S0, t0
2: Compute P0 through Eq. 2
3: for k = 1:L do
4: Extract Λk on Γk
5: Update qk by Eq. 8 with Qk, bk
6: Update Sk and tk using qk and I
7: Synthesize Ŷk using Eq. 4 with qk, Sk, tk
8: Compute Pk using Eq. 2
9: end for

10: Output the final Pk

4. Experiments
4.1. Methodology

Training: To implement the Step 1 in testing, we
need to provide enough exemplars to cover the possible
variations of head pose to provide a coarse estimate. With
this in mind, we selected a symmetric subset of the Point 04
database [10], which contains seven yaw and pitch angles
with the labels {−60◦,−30◦,−15◦, 0◦, 15◦, 30◦, 60◦} in
both yaw and pitch. We manually annotated each image
with nine 2D landmarks and re-estimated the pose of each
group through fitting a mean 3D model obtained by aver-
aging the corresponding 3D sparse landmarks in the FRGC
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Figure 2. The pose distribution in training and testing sets. (a)
The black triangles denote the poses we used in the Point 04
database. The green stars denote the poses used to train the re-
gressor in UHDB31-A. (b) The red circles denote the testing poses
in UHDB31-B, and the blue triangles denote the testing poses in
UHDB11.

database [21]. We used this re-estimated pose as the label
of Point 04. To train the regressor in the second stage, we
exploited our own database, UHDB31-A. This annotated
database is captured using 21 high resolution 3dMD [1]
cameras with an average 800*600 facial ROI size. The
original dataset named UHDB31 includes data from 77
subjects. A personalized 3D model is available for each
subject. We selected a subset of the database that includes
nine pitch variations and three yaw angles (27 views), 540
images in total. We used 10 subjects for training (270
images) and another 10 for testing (270 images). These
two datasets are named UHDB31-A and UHDB31-B,
respectively. The pose distribution for training is shown
in Fig. 2(a). All the bounding boxes are either annotated
manually (UHDB11) or based on the landmark positions
(UHDB31). To train the regressor, we perturbed both
pitch and yaw angle 19 times with the following offsets:
{−17◦,−15◦,−13◦,−10◦,−7◦,−5◦,−3◦,−2◦,−1◦, 0◦,

1◦, 2◦, 3◦, 5◦, 7◦, 10◦, 13◦, 15◦, 17◦}.
Testing: We tested our method on two databases. The

first database is UHDB31-B. The second database is a sub-
set of UHDB11 [24], a published database that aims to vali-
date the 3D-aided 2D face recognition algorithm. The pose
distribution of the two databases is shown in Fig. 2(b). We
selected all of the 408 images without significant roll an-
gle in UHDB11 to validate our algorithm. For each subject,
we manually select the face ROI and used one frontal im-
age and a personal AFM to generate the reference T-AFM
database. We selected the RBF-SVR as our baseline to eval-
uate our model, trained on the selected Point 04 database
with our newly estimated pitch and yaw angle.

In training, we used a person-specific AFM for tex-
ture lifting. In testing, since we cannot access the person-
specific 3D model, as is typical for in-the-wild scenarios,
we report the accuracy with and without a personal 3D
model. In feature extraction of 2dSC, the HOG feature is
configured as a default parameter [6] and extracted from
the face ROI on the Point 04 dataset and the query image.
In the regression, the size of the block for FISH is 8×8 and
the overlap is 2 pixels. The size of the T-AFM is 90×90. We
computed the FISH feature on an effective region with the
sizes 53×38 (half face) and 53×74 (whole face) for pitch
and yaw, respectively, which gives the best performance.
Before extraction of the FISH, the Tan and Triggs [22] il-
lumination normalization algorithm was applied on T-AFM
to minimize the effects of lighting.

Table 1. Pose estimation result on UHDB11 and UHDB31-B; the
error of pose estimation is measured in degrees.

Methods UHDB11 UHDB31-B
pitch yaw pitch yaw

RBF-SVR(Baseline) 7.26 7.98 10.40 6.98
2dSD(Initialization) 9.50 5.68 12.28 4.06

2dSC+SDM+PS3D 7.08 5.86 10.63 4.72
2dSC+SDM+G3D 7.12 5.75 9.23 4.66
2dSC+SDM(pitch)+PS3D 6.98 5.68 9.12 4.06
2dSC+SDM(pitch)+G3D 6.98 5.68 9.00 4.06

4.2. Results

We present the qualitative results of pose estimation in
Table 1. The 2dSC+SDM is the standard algorithm setting
mentioned above. In 2dSC+SDM(pitch), we regressed the
pitch angle using SDM and left the yaw as initialized by
2dSC. The PS3D denotes that we use a personalized 3D
AFM for texture lifting, and G3D means that we used a
general 3D AFM for initialization (e.g., a mean 3D model in
FRGC 3D dataset). We also provide the quantitative results
of 3D model fitting in Fig. 3.
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Figure 3. Examples of results (best viewed in color). Results depicted in columns (a-c) are generally acceptable. Results (d-f) indicate
failures. In the first row, each dot represents the projected 3D vertex position on the 2D image. Red dots are estimated by our proposed
algorithm, and represent the 2D projected position of 3D landmarks estimated by traditional landmark-based model fitting approaches. The
second row depicts the T-AFM, while the third row depicts the estimated T-AFM after the algorithm terminated.

5. Discussion

The results indicate that the regressor is more effective to
address the pitch misalignment. However, 2dSC appears to
work better to estimate the yaw. Even though this result is
surprising, it is consistent with the phenomenon mentioned
by Guo et al. [11], in which the author shows that the op-
timum algorithms to estimate the pitch and yaw are not the
same. Unfortunately, the author has not explained why this
is the case. In this paper, we attempt to provide several ex-
planations based on the design of our experiments.

(i) The exemplar-based algorithm (2dSC) is more suit-
able for estimating the yaw, as these are continuous changes
of facial occlusions, and represents them well. Since there
is not much occlusion variance in the change of pitch, and
therefore a lack of critical discriminative information, the
exemplar based algorithm treats them as more or less iden-
tical and fails to tell the difference. This can be observed in
the comparison between 2dSC and RBF-SVR, and the data
in Table 1.

(ii) The regression based algorithm disclosed the contin-
uous change of face along the vertical direction so that it
is more suitable for pitch estimation on T-AFM. However,
the algorithm could not discriminate whether the feature’s
change is caused by misalignment or the change of subject.
Hence, it is not accurate for yaw regression. Since the re-
gression is trained on all poses together, from the success
of the pitch regression we could conclude that the regres-
sion of pitch is general and identical regardless of the ac-
tual pose, but the change of yaw needs to be modeled on a
case-by-case basis if we hope to formulate it as a regression
problem based on T-AFM, or formulate it as a symmetric

detection problem done by Ma et al. [19].
(iii) The personalized AFM is not necessary in testing;

using a generic AFM appears to work better in pose parame-
ter estimation. We also can observe that a more fine-grained
approach needs to be proposed to deal with the error in the
scale and translation parameters (Fig. 3(d-f)).

6. Conclusions
We proposed a novel framework to fit a 3D model to 2D

image based on sparse coding and T-AFM-based regression.
This is the first attempt to fit a dense 3D model to 2D image
without the assistance of 2D landmarks.
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