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Abstract
In this work we present a method to estimate a 3D face
shape from a single image. Our method is based on a cascade regression framework that directly estimates face landmarks locations in 3D. We include the knowledge that a face
is a 3D object into the learning pipeline and show how this
information decreases localization errors while keeping the
computational time low. We predict the actual positions of
the landmarks even if they are occluded due to face rotation.
To support the ability of our method to reliably reconstruct
3D shapes, we introduce a simple method for head pose estimation using a single image that reaches higher accuracy
than the state of the art. Comparison of 3D face landmarks
localization with the available state of the art further supports the feasibility of a single-step face shape estimation.
The code, trained models and our 3D annotations will be
made available to the research community.

1. Introduction
Over the last several years 2D face alignment has
reached maturity making it possible to detect landmarks in
the wild at very high frame rates [12, 20, 13, 5, 21]. The
mainstream direction is based on learning a sequence of regressors in a cascade fashion starting from the mean shape,
and consequently reﬁning the shape prediction at the later
stages of the cascade [8, 2]. Previous works for face alignment used Active Appearance Models (AAM) [6, 18, 9] and
Constrained Local Models (CLM) [7, 25, 22]. Cascaded regressor methods are advantageous over the AAM and CLM
based approaches in several respects: (i) running a sequence
of regressors is faster than solving an optimization problem
for every image, (ii) the ofﬂine training stage allows cascaded approaches to take advantage of the large available
sets of training images, (iii) shape-invariant feature sampling makes these methods robust to rotations.
As a natural extension of 2D face alignment methods, 3D
face analysis from a 2D image also experiences signiﬁcant
breakthrough [12, 5] reaching comparable results to depthbased methods [27, 26, 16, 24]. These methods ﬁrst detect

Figure 1: Selected examples of images from the HELEN
database [15] processed by our method. Top: the projections of the landmarks to the image plane. Arrows represent
the face bases used to ﬁnd the head pose. Bottom: estimated
faces shapes in the world coordinate system.
2D landmarks and as a second step ﬁt a previously learned
high resolution 3-dimensional face model to estimate a face
shape. However, in many applications this high precision
face shape estimation is not always required, while frame
rates and low hardware requirements often become more
critical [11, 30].
In this work, we present a novel cascaded regressorbased method to estimate a 3D shape of a face from a single
2D image. Motivated by the recent success of sequential approaches for 2D face alignment, we extend the framework
to naturally detect 3D landmarks positions from a single image at state-of-the-art accuracy and processing speed. In
contrast to existing two-step systems that ﬁrst detect landmarks and only then recover a 3D shape, our method provides a reliable estimate of a face shape in one step. To
support the applicability of our method to real-world problems we report the results on a large set of face images.
Moreover, since our method outputs a 3D shape, we show
how this shape can be used to accurately estimate the head
pose of a face improving state-of-the-art accuracy. Selected
examples of face landmarks estimated by our method are
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The paper is structured as follows: in Section 2 we review relevant works. Section 3 describes the proposed
method, starting with the description of the framework of
cascade regressors (Section 3.1). In Section 3.2 we describe
the shapes learned by our method. Section 3.3 proposes
three ways of indexing features in 3D. The head pose estimation method is given in Section 3.4. We report our experimental results in Section 4 and conclude in Section 5.

Several commercial systems have appeared. Vizago1 and
FaceGen2 both require careful manual initialization, and
therefore are two-step systems.
Cao et al. [3] tackles the problem of automated avatar
animation. They propose to jointly estimate a parametric
3D face model together with 2D landmarks from a video of
a human performer. The method uses the landmarks estimated for the previous frame to simultaneously regress the
3D and 2D shapes for the current frame. However, when applied to a single image, the previously estimated landmarks
are not available, and the method requires 2D landmarks
estimated using [4] as an initialization, which makes it a
two-step method according to our classiﬁcation.
A very recent work of Jeni et al. [12] while still belonging to the two-step group, reaches signiﬁcant frame rate increase. The authors use a cascade regressor framework similar to the one presented in [29] to estimate a dense grid of
2D landmarks and ﬁt a 3D part-based model to this grid as
a second step.
The major difference of our work with respect to the described two-step systems [19, 1, 23, 30, 11, 3, 12] is that our
method is single-step and requires only a single image. A
key advantage of our single-step method is that it is much
faster, since it does not require computationally expensive
3D model ﬁtting, while providing highly accurate shape estimates. We detect 3D landmarks from a single image by
using a framework of cascade regressors. We evaluate our
method on a large corpus of faces annotated in 3D and show
that the estimated shapes can be used for head pose estimation with higher accuracy than methods previously presented in the literature.

2. Related work

3. Method

given in Figure 1.
The contribution of our work is threefold:
1. Single-step 3D face shape estimation. Previous twostep face shape recovery methods ﬁrst detected 2D face
landmarks. Shape estimation was then done by ﬁtting
a 3D model to the estimated landmarks. We use 3D
information in the learning pipeline and propose 3D
shape invariant feature indexing. To the best of our
knowledge, we are the ﬁrst to estimate 3D face landmarks in a single step fashion.
2. Localization of actual facial landmarks. Prior works
focused on either removing the occluded landmarks
from the pipeline or using the nearest visible points instead. Our method estimates the actual 3D positions of
the landmarks even if some points of the shape are not
visible due to self-occlusions of the face. This helps us
preserve the face shape during training and testing and
accurately estimate head pose orientation.
3. Data and the code. We release our 2D and 3D annotations of the BU-4DFE [31] database as well as the
code for our system to the research community.

Three-dimensional face shape estimation from a single
RGB image is not a new topic in computer vision. Many
works are done in the context of pose-invariant face recognition [19, 1, 23, 30]. The classical work of Blanz and Vetter [1] uses manual initialization as a ﬁrst step, followed by
a 3D model ﬁtting. They achieve very accurate face models
at a cost of low processing speed.
In [30] a low resolution model is ﬁt to 2D landmarks
for determining feature sampling points. Although ﬁtting
the ﬁnal model is far from being perfect, the authors report
improvement in face recognition results, while getting reasonable processing speed.
The problem of estimating a face shape is tackled from a
different perspective in [11]. The author shows a SIFTFlowbased [17] method to warp a depth-RGB image pair of a
reference person to a single RGB image of a query person.
Consequently, the method is rather slow and can estimate
depth only for visible parts of the face. Again, the ﬁrst step
is performed by the 2D face alignment system presented
in [32].

Although our work extends [13], we introduce several
major novelties as compared to the original paper: (i) our
shape estimates are 3D, (ii) we propose and compare three
methods for 3D shape invariant feature indexing, and (iii)
we show a 3D shape-based head pose estimation method
that improves state-of-the-art accuracy while being computationally simple.

3.1. A Framework of Cascade Regressors
A general cascade regression approach produces an estimate Ŝ of a shape S for an image of a face I by producing
several shape increments ∆St (t = 1, ..., N ) at every level
t of the cascade in the following fashion:
∆St = rt (Ht (I, Ŝt−1 )),

(1)

Ŝt = Ŝt−1 + ∆St ,

(2)

1 http://www.vizago.ch
2 http://www.facegen.com/

23749

where Ht is a feature extraction function, rt is a regressor
function learned at the tth -level of the cascade and N is the
total number of levels in the cascade. A shape vector S =
[x1 , x2 , ..., xn ]T represents a set of facial landmarks. We
denote Ŝ = r(I, S̄) as the ﬁnal shape estimate made by the
cascade of regressors r(·, ·) for an image I and the initial
average shape S̄.
In previous works, every point xi of the face shape vector was represented either by x, y-coordinates in the image,
or was augmented by an additional label mi that represents
a ﬂag indicating whether a point is visible or occluded:
xi = [xi , yi , mi ]T . Hereinafter we drop the index i and
write x to denote a point of a shape to simplify the notation.
Instead of adding an extra ﬂag for every point we augment
the usual x, y-coordinates of a point in the plane with the zcoordinate of the landmarks in the 3D space. Having a third
dimension in the training set at every step of the cascade we
learn the 3D shape increment ∆St ∈ R3×n .
The feature extraction function Ht (I, Ŝt−1 ) in eq. 1 depends not only on image I but also on the previous shape
estimate Ŝt−1 , this allows the cascade to extract shape independent features. We propose to extend a face shape with
the third dimension so that ∆ St , Ŝt , S ∈ R3×n . Several
models can be used as a regressor; we train a number of regression trees at each level of the cascade, since they have
shown remarkable results in the literature [20, 13].

3.2. From World Coordinates to 3D Landmarks
To learn a face shape predictor one has to decide upon the
landmarking scheme and perform annotation of the available training data. In our case, such annotation is hardly
possible even for a human annotator due to the difﬁculty to
estimate a z-coordinate by observing just a single 2D image.
However, we propose the solution based on performing the
2D annotation as usual, and then augmenting the annotation
of the z-coordinate estimated in a different way. To do so we
use the available 2D+3D database BU-4DFE [31]. Manual
annotation is performed on a frontal set of images provided
in the database. Since 2D-3D correspondences are known,
we map 2D coordinates of the point in a frontal RGB image
to the corresponding 3D point on the mesh.
To generate various head poses for training and testing
purposes we render meshes under tilt and yaw rotations uniformly distributed in the range of [−50, 50] degrees. Since
the rendering parameters are known, we can get the locations of the points by using the pinhole camera model:
λxc = ARxw + t,

(3)

where xw = [xw , y w , z w ]T is the point in the world coordinate system, xc = [xc , y c , 1]T is the point in the camera
coordinates, λ is the homogeneous scaling factor, A is the
matrix of intrinsic parameters or the camera matrix, R and

Figure 2: An example of the actual landmark positions. Left
image shows an annotated mesh with several landmarks occluded. Central image shows the landmarks on the frontal
face. Right image shows the projections of the actual landmarks onto the image plane.

t are the rotation matrix and the translation vector correspondingly. We note here that the z-coordinate is still available after the transformation. We augment the point in the
camera coordinates with this z-coordinate to form x̃c =
[xc , y c , λ]. In this way every training example is formed
by {I(yaw, tilt), S̃ c }, where S̃ c = [x̃c1 , x̃c2 , ..., x̃cn ]T . Although S̃ c is a 3D shape, its points are distorted by the camera matrix and therefore, proportions no longer correspond
to the normal face proportions. This needs to be compensated. To this end we deﬁne a point xwR = Rxw and
a corresponding shape S wR which is rotated according to
the extrinsic rotation matrix, while being represented in the
world coordinates. During testing a cascade of regressors
produces a shape estimate Ŝ c = r(I, S̄ c ), where the shape
Ŝ c is given by augmented points: Ŝ c = [x̂c1 , x̂c2 , ..., x̂cn ]T .
Then, if the camera matrix A is known, we can rewrite eq. 3
to get x̂wR :
x̂wR = A−1 (λx̂c − t).

(4)

However, at testing time the matrix A is unknown, and
therefore needs to be estimated. To get the estimate Â we
perform camera calibration using S̄ ∈ R3×n as the coordinates in the world coordinate system and only x, y-values
of the points in Ŝ c as the coordinates in the image plane.
Finally, we substitute Â into eq. 4 to get x̂wR .
We train and test our model on the actual landmarks positions even if they are invisible because of face rotations.
Figure 2 shows an example of this. In other works, the closest visible pixels to the invisible landmarks are usually used
instead. For example, the boundary of the face is often considered as a jawline when the actual jawline is not visible.
However, this operation changes the natural proportions of
the estimated shape, which is acceptable for two-step systems, where the shape is regularized during the second step.
Our experiments show that it is possible to estimate the
actual 3D positions of the invisible points. Moreover, since
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a recovered shape is unchanged and is represented in the
world coordinates we can accurately determine the head
pose (see Sections 4.1 and 4.2).

3.3. 3D Invariant Features
At every level of the cascade, we build tree-based regressors to produce a shape increment. The decision function of
a tree uses simple intensity difference features extracted at
the points u and v indexed with respect to a mean shape.
The points u and v are randomly generated during training.
The goal of feature indexing is to have a way to compute u
and v for every face geometrically close to their true locations, taking into account scaling, rotation and translation.
Indexing starts by deﬁning an offset from u to the nearest point xku in the mean shape (we follow the notation
in [13]):
δxu = u − x̄ku ,

 o is
where · is a dot product operation. We assume that n
perpendicular to the image plane and directed to the observer. Having the basis Ft and the estimated scaling s we
rewrite eq. 7 in the following way:
1
ũ′ = xku + FtT δ x̃u ,
s

(10)

where δ x̃u = [δxu |0], the operation of vector concatenation [·|·] adds the third dimension, so that δ x̃u , ũ′ ∈ R3 .
After the transformation, this third dimension is truncated.
In this way we ﬁnd the coordinates of the offset vector in
the face basis Ft . Now we deﬁne three ways of indexing
features:
• Baseline indexing is based on directly using eq. 7. In
this case the only difference with the original method
[13] is that the learned shape is 3-dimensional.

(5)

• 3D transform indexing. The difference with the baseline method is that minimization in eq. 6 is performed
in a 3D space, resulting in rotation matrix R ∈ R3×3 .

where δxu is selected during training. To determine u′ , a
point geometrically corresponding to the point u, we ﬁrst
ﬁnd the scaling and rotation transformations between the
mean shape S̄ and the current shape estimate Ŝt :
(6)

• Basis transform indexing determines pixel sampling
points by ﬁrst estimating a basis Ft and then computing ũ′ with eq. 10.

where s, R, t represent scaling, rotation and translation correspondingly. Then u′ is determined in the following way:

The same analysis can be applied to get v ′ . We report
the comparison results of these methods in the experimental
section.

{s, R, t} = argmin
s,R,t

n


x̄i − (sRxi + t)2 ,

i=1

1
u′ = xku + RT δxu .
s

(7)

If one considers the case when S ∈ R2×n , then the rotation matrix R ∈ R2×2 , which accounts for in-plane rotations, such as roll angle.
To address head rotation from a 3D perspective, for the
current cascade level t we deﬁne a face basis Ft . The ba t , the vector connecting the
sis is spanned by the normal n
 1,t and e
 2,t = n
t ×e
 1,t , where × is a
centers of the eyes e
 t is determined as the
cross product operation. The vector n
eigenvector with the smallest eigenvalue of the following
covariance matrix:
n

1
(xi,t−1 − x̄t−1 )(xi,t−1 − x̄t−1 )T ,
Ct =
n i=1

(8)

where xi,t−1 ∈ Ŝt−1 , Ct ∈ R3×3 . Since the direction of
 t can vary from iteration to iteration,
the normal vector n
depending on the face rotation, to obtain the normal consis o , we need to
tently oriented with the observer direction n
satisfy the following equation:
 o > 0,
t ·n
n

(9)

3.4. Head Pose Analysis
All the shapes throughout our analysis are 3D. This is
the advantage of our single-step approach that allows us to
use a simple yet reliable method to estimate the head pose
of a face. In the previous section we deﬁned a face basis
Ft that is associated with the direction of the face. Clearly,
the directions of the basis vectors of Ft can reveal the head
pose of the analyzed face. We exploit this fact to determine
the head direction.
The ﬁnal shape estimate Ŝ c = r(I, S̄ c ) is represented in
the camera coordinates. Although it is three-dimensional,
its proportions no longer correspond to the actual face proportions, and therefore the estimated basis will not accurately correspond to the face direction. To address this we
apply the analysis detailed in Section 3.2. By using eq. 4
and estimating the camera matrix A we transform every
point of Ŝ c to the world coordinate system and obtain Ŝ wR ,
for which the face proportions are preserved. We then determine the angles that the normal to Ŝ wR forms with xz
and yz planes to get the tilt and yaw angles correspondingly. This simple method outperforms the state-of-the-art
systems as shown in Section 4.2. Examples of bases estimated using Ŝ c and Ŝ wR are given in Figure 3.
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Figure 3: Examples of face bases estimated using Ŝ wR
(green) and Ŝ c (pink). Note that the bases estimated using shapes in the world coordinate system (green) are more
consistent with the head rotation. The detected points are
plotted in green. The background was removed for visualization purposes after detection.

3.5. Learning
Our learning framework is similar to one presented in
Kazemi et al. [13]. We train N levels of the cascade, where
each level contains K regression trees. A node split is performed with the following split function:

1
I(u′ ) − I(v ′ ) > τ
h(I, Ŝt , θ) =
(11)
0
otherwise,
where θ = (u′ , v ′ , τ ), u′ are v ′ are obtained by using eq. 7
or 10 depending on the indexing strategy. The split parameters in θ are randomly generated at each split node and a tree
is trained with a gradient boosting algorithm that minimizes
the sum of squared error.

4. Experiments
Since most of the works for face alignment estimate only
2D landmarks from an RGB image and invisible landmarks
are either skipped from the estimation or their nearest visible neighbors are predicted, direct comparison is not possible. Another difﬁculty is that the datasets for face alignment used by the community have only 2D annotations. To
overcome these difﬁculties we generate a large set of training and testing images and perform manual annotation of
this set. For comparison purposes we train the method presented in [13] on x, y-coordinates of our 3D annotations,
keeping their default parameters unchanged. We use the
open-source implementation of [13] made available by [14].
Database. We build our training and testing set by using the BU-4DFE [31] database. This database contains 2D
and 3D videos for six posed prototypical facial expressions
(anger, disgust, fear, happy, sad, surprise) for 101 ethnically
diverse subjects (58 female and 43 male). The database contains more than 60K 2D-3D pairs. Since BU-4DFE does not

contain facial landmarks annotations, we performed manual
annotation. We followed the widely accepted MultiPIE [10]
68-landmarks scheme. The 60K samples of the database
were uniformly sampled to obtain 3000 face images with
the corresponding 3D meshes. Manual annotation was performed on these 2D images, and the annotations were augmented with the third coordinate by ﬁnding the reference
points on the mesh. As a result, we have 3000 images of
faces annotated with the 3D landmarks positions. To generate images of faces with various head poses we rendered
the meshes under uniformly distributed face rotations taken
from the range [−50, 50] degrees for yaw and tilt angles.
In total we have 120K images. To add variability to this
generated set we used images from the SUN database [28]
as backgrounds, removing images annotated as containing
a person. The selected BU-4DFE recordings ids as well as
the 3D annotations will be made available to the research
community.
Running time analysis. At every stage of the cascade
t = 1, ..., N we need to propagate the trees O(KF ) and
compute a face basis O(n2 p + p3 ), where K is the number
of weak regressors, F is the number of trees, n - the number
of landmarks and p - the dimensionality of each landmark.
Therefore, for a single image the running time complexity
of our algorithm is constant O(N (KF + n2 p + p3 )). For
a case {N = 10, K = 500, F = 5, n = 68, p = 3} the
method takes on average 9 ms to process an image on an
Intel Core i7-4702HQ processor

4.1. 3D Landmarks Localization
To test the accuracy of our method we randomly split
the rendered images into folds and perform 6-fold crossvalidation. We report the averaged results for all the folds.
We use the commonly accepted metric that measures the
distance from a landmark to its ground truth position normalized by dividing it by the interocular distance for each
image. Table 1 shows the results. We perform a separate
comparison for 2D and 3D. For 2D only the ﬁrst two coordinates (x, y) were used.
Table 1 shows that learning a 3D shape improves the accuracy even if we are only interested in 2D points in the image plane. Basis transform indexing shows a slightly better
performance for 3D case than the other methods (not statistically signiﬁcant). The intuition for this effect is that a face
is inherently a 3D object, and therefore three-dimensional
indexing is able to more reliably estimate the corresponding sampling points.
The values in Table 1 are close to those reported in the
literature for 2D face alignment. This fact proves the difﬁculty of our testing set compared to the commonly used
benchmarks such as [15].
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Method
Kazemi et al. [13]
Baseline indexing
3D Transform
Basis Transform

2D
0.0522
0.0515
0.0515
0.0518

3D
0.0610
0.0607
0.0592

Ours Ŝ c
Zhu and Ramanan [32]
Intraface
Ours Ŝ wR

Table 1: Landmark localization errors. The numbers represent the average distance from an estimated landmark to
its ground truth location normalized by the interocular distance.

Yaw

Tilt

0.52
0.76
0.80
0.81

0.54
0.51
0.85

Table 2: Head pose estimation results. The numbers show
the fraction of faces correctly labeled within ±15◦ error tolerance.
1
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Figure 4: Cumulative error distribution rates for head pose
estimation for yaw and tilt angles. We do not report results of [32] for tilt since the method provides only yaw
estimates. To initialize our method we used the face detector in [14]. The benchmark systems use their internal face
detectors to ﬁnd faces.

4.2. Head pose estimation
We compare our method with the available state-of-theart methods of Zhu and Ramanan [32] and Intraface3 by
Xiong and De la Torre [29]. For comparison, we use a subset of 1300 images of faces from our rendered set. The head
pose is uniformly distributed within [−50, 50] degrees. The
images were taken from the testing folds of the trained models. The advantage of such generated dataset is that it uniformly covers all head poses in a range, and, more importantly, requires no manual annotation, because head poses
are known exactly. If the competing systems were not able
to detect the face in an image, we removed the image from
the testing set. In total 1123 images were left. We report the
results of our model that uses basis transform as the indexing method.
Table 2 shows the fraction of correctly classiﬁed images
within the ±15◦ error tolerance, which is the commonly
accepted metric in head pose analysis literature (also used
in [32]). The table shows that our method based on analyzing the normal vector to Ŝ wR scores the best. The method
based on Ŝ c still shows reasonable performance for tilt, but
3 http://www.humansensing.cs.cmu.edu/intraface/

Ours Ŝ wR
Zhu and Ramanan [32]
Intraface
[-30:-25]

[-25:-20]

[-20:-15]

[-15:-10]

[-10:-5]

[-5:0]

[0:5]

Head pose in degrees

[5:10]

[10:15]

[15:20]

[20:25]

[25:30]

Figure 5: The distribution of the fraction of correctly recognized images within ±15◦ error tolerance over the yaw
angle.
these results prove that 3D information contained in Ŝ c is
not sufﬁcient for head pose estimation, while the analysis in
Section 3.2 is a tool to restore the shape of the face. In Figure 4 we plot the dependency of the fraction of the correctly
labeled testing faces on the error tolerance value. In addition we report the fraction of correctly classiﬁed images as
a function of the yaw angle for error smaller than 15◦ of our
best method versus [32] and Intraface [29].
We note that our method has several additional advantages over [32]: (i) our method predicts continuous output
for both angles (yaw and tilt), while the method in [32] recognizes only yaw angle and only for a ﬁxed number of allowed head poses in a range of [−90, 90] with a step of 15◦
and (ii) the computational performance of our method is superior: the whole pipeline on average took 9 ms per image
as compared to 40-100 seconds of [32]. Qualitative results
for head pose estimation are given in Figure 6.

4.3. Qualitative results
Qualitative results are given in Figure 7. The subjects in
Figure 7a are taken from the testing set of the trained model.
Figure 7b shows the results of our method applied to the
HELEN database [15]. The bases on the both ﬁgures are
estimated using Ŝ wR . Some dots in the odd rows may look
misleading, since the actual positions of the landmarks are
plotted regardless of the visibility of the points. Note that
the points in the world coordinate system reveal the face
orientation that is often difﬁcult to understand from a single
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[32]

[32]

[32]

[32]

[32]

[32]

Figure 6: Selected examples of estimated head poses from
the testing set. Yaw angles are reported. The green points
show the estimated landmarks by our best model.
2D image, when a face looks frontal, while having a slight
inclination. In some cases the y-direction (the green arrow)
of the face basis can be estimated incorrectly. However,
this makes no inﬂuence on the face normal vector (the blue
arrow) that is used in head pose estimation.

5. Conclusions
We have presented a novel, accurate and fast single-step
method for estimating a 3D face shape from a single 2D image. We have shown that when treating a face as a 3D object, the overall recognition error decreases even when considering only 2D landmarks. Including additional knowledge about the face yields substantial improvement, and
allows a simple head pose estimation method to show results superior to available systems. Since 2D face alignment has reached impressive results in speed and accuracy,
we believe, that 3D shape regression is a promising area that
should be explored further.
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