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Abstract. Facial landmark detection in images obtained under varying
acquisition conditions is a challenging problem. In this paper, we present
a personalized landmark localization method that leverages information
available from 2D/3D gallery data. To realize a robust correspondence
between gallery and probe key points, we present several innovative solutions, including: (i) a hierarchical DAISY descriptor that encodes larger
contextual information, (ii) a Data-Driven Sample Consensus (DDSAC)
algorithm that leverages the image information to reduce the number
of required iterations for robust transform estimation, and (iii) a 2D/3D
gallery pre-processing step to build personalized landmark metadata (i.e.,
local descriptors and a 3D landmark model). We validate our approach
on the Multi-PIE and UHDB14 databases, and by comparing our results
with those obtained using two existing methods.

1

Introduction

Landmark detection and localization are active research topics in the ﬁeld of
computer vision due to a variety of potential applications (e.g., face recognition, facial expression analysis, and human computer interaction). Numerous researchers have proposed a variety of approaches to build general facial landmark
detectors. Most methods follow a learning-based approach where the variations
in each landmark’s appearance as well as the geometric relationship between
landmarks are characterized based on a large amount of training data. These
methods are typically generalized to solve the problem of landmark detection
for any input image and not necessarily use any information from the gallery
images. In contrast to the existing methods, we propose a personalized landmark localization framework. Our approach provides a framework wherein the
problem of training across large data sets is alleviated, and instead focuses on
the eﬃcient encoding of landmarks in the gallery data and their counterparts in
the probe image.
Our framework includes two stages. The ﬁrst stage allows for oﬀ-line processing of the gallery data to generate an appearance model for each landmark and
a 3D landmark model that encodes the relationship between the landmarks. The
second stage is performed on-line on the input probe image to identify potential
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Fig. 1. Diagram of our personalized landmark localization pipeline. The upper part
represents the gallery data processing and the bottom part depicts the landmark localization step in a probe image.

landmarks and establish a match between the models derived at the ﬁrst stage
using a constrained optimization scheme.
We propose several computational methods to improve the accuracy and eﬃciency of landmark detection and localization. Speciﬁcally, we extend the existing
DAISY descriptor [1–3] and propose a hierarchical formulation that incorporates contextual information at multiple scales. Motivated by robust sampling
approaches, we propose a Data-Driven SAmple Consensus (DDSAC) method
for estimating the optimal landmark conﬁguration. Finally, we introduce a hierarchical landmark searching scheme for eﬃcient convergence of the localization
process.
We test our method on the CMU Multi-PIE [4] and the UHDB14 [5] databases.
Our results obtained are compared to the latest version of a method based on
the Active Shape Model [6, 7] and a state-of-the-art classiﬁer-based facial feature
point detector [8, 9]. The experimental results demonstrate the advantages of our
proposed solution.

2

Related Work

The problem of facial landmark detection and localization has attracted much
attention from researchers in the ﬁeld of computer vision. Most of the existing
eﬀorts toward this task follow the spirit of the Point Distribution Model (PDM)
[10]. The implementation of a PDM framework includes two main subtasks: local
search for PDM landmarks in the neighborhood of their current estimates, and
optimization of the PDM conﬁguration such that the global geometric compatibility is jointly maximized.
For the ﬁrst subtask, most of the existing eﬀorts are based on an exhaustive
independent local search for each landmark using feature detectors. A common
theme is to build a probability distribution for the landmark locations in order to
reduce sensitivity to local minima. Both parametric [11, 12] and non-parametric
representations [13] of the landmark distributions have been proposed. For the
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second subtask, most of the studies are based on a 2D geometric model with
similarity or aﬃne transformation constraints (e.g., [6, 11, 14–16]). Few studies
(e.g., [17, 18]) have investigated 3D generative models and weak-perspective projection constraints. For the optimization process, most existing approaches use
gradient descent methods (e.g., [6, 10]). A few researchers have also used MCMC
[19, 20] and RANSAC [17] that theoretically are able to ﬁnd the global optimal
conﬁguration, but in practice these methods are hampered by the curse of dimensionality. Furthermore, classiﬁer-based (e.g., [8, 21]) and regression-based (e.g.,
[15, 22]) approaches have also been used. Across all methods, a large training
database has been the key to enhancing the power of detecting landmarks and
modeling their variations. For example, Liu et al. [19] use 280 distributions modeled by GMM to learn the landmark variations in both position and appearance.
Similarly, Liang et al. [21] use 4,002 images for training classiﬁers and 120,000
image patches to learn directional classiﬁers for each facial component.
Our objective is to explore the possibility of leveraging the gallery data to
reduce the cost of training. The study closest to our work is the recent investigation by Li et al. [23], where they use both the training data and a gallery
image to build a person-speciﬁc appearance landmark model to improve the accuracy of landmark localization. However, there are several diﬀerences between
our work and their work: (i) our method employs only one gallery image whereas
Li et al. [23] also use additional training data and (ii) our method uses the 3D
geometric relationship of landmarks to constrain the search.

3
3.1

Method
Framework

Our personalized landmark localization framework (URxD-L) includes two stages
(Fig. 1). In the gallery processing step, personalized landmark metadata (i.e.,
landmark descriptor templates and a 3D landmark model) are computed. When
only 2D images are available in the gallery, we use a statistical landmark model
and 2D-3D ﬁtting method to obtain a 3D personalized landmark model. Next,
the landmark descriptor templates are computed on the projected landmark positions. If 3D data is also available in the gallery, we can obtain a personalized
3D landmark model directly from the annotated landmarks on the 3D data.
We also use an Annotated Face Model (AFM) [24] to align the 3D face data
and generate multiple images from a variety of viewpoints, which are then used
to compute multi-view landmark descriptors. Landmark localization in a probe
image is achieved through correspondence between the landmark descriptors in
the gallery image and those in the probe image, constrained by the geometric
relationship derived for the speciﬁc individual. This process includes eﬃcient
descriptor matching and robust estimation.
3.2

Matching Problem Formulation

In our framework, landmark localization is posed as an energy minimization
problem. The energy function E(X) depends on X = {xj , j = 1, · · · , n}, which
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denotes the conﬁguration to be estimated, whereas xj denotes the coordinates of
the j th landmark. Speciﬁcally, E(X) is deﬁned as a weighted sum of two energy
terms:
E(X) = λa E a (X) + λg E g (X),
(1)
where λa and λg are non-negative scalar weights (λa + λg = 1), and the energy terms E a (X) and E g (X) denote the associated appearance and geometric
terms, respectively. The energy term E a (X) is a sum of unary terms that favors
correspondence between similar appearance descriptors across two images:

E a (X) =
ϕk ,
(2)
k∈K

where ϕk is the L2 distance of the descriptor pair between two images, and
K is the set of all correspondences between the gallery and probe images. The
energy term E g (X) is a measure of geometric compatibility of correspondences
between the gallery image and the probe image and it favors the correspondences that are compatible to the geometric relationship of facial landmarks
(the shape of the landmarks) with a predeﬁned transformation. In this paper,
we use weak-perspective projection of the 3D landmark model to form the geometric constraints. Thus, E g (X) penalizes any deviation from these constraints
and is given by:
(3)
E g (X) = ||X − U ||,
where U is the target conﬁguration and X is estimated conﬁguration. We deﬁne
E g as the L2 distance between the projected landmarks from the 3D landmark
template and their estimated positions in the probe image.
3.3

Personalized 3D Facial Shape Model

The objective of the gallery processing is to obtain a personalized 3D landmark model representing the geometry of the facial landmarks (of the gallery
data), which can be detected automatically or through manual annotations. If
the gallery includes 3D data, then this geometric relationship is constructed
directly from the 3D landmark positions, obtained either manually or automatically [25]. In the case that the gallery contains only 2D images, the geometry
is recovered through the use of a statistical 3D landmark model and a 2D-3D
ﬁtting process.
3D Statistical Landmark Model: A generic 3D statistical shape model is
built based on the BU-3DFE database [26]. The BU-3DFE is a 3D facial expression database collected at State University of New York at Binghamton. We
select only the datasets with neutral expressions, one per each of the 100 subjects. Considering the ambiguity of the face contour landmarks, we discard those
and keep the 45 landmarks from diﬀerent facial regions. By aligning the selected
3D landmarks and applying Principal Component Analysis, the statistical shape
model is formulated as follows:
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(4)

j=1

where S0 is the 3D mean landmark model, S j is the j th principal component,
and L denotes the number of principal components retained in the model.
2D-3D landmark fitting process: A regular 3D-to-2D transformation can be
approximated with a translation, a rotation and a weak-perspective projection:



f 00
t
P =
Rγ Rζ Rφ x ,
(5)
0f0
ty
where f is the focal length, tx , ty are the 2D translations, and Rγ , Rζ , Rφ denote
image plane rotation, elevation rotation, and azimuth rotation, respectively. The
conﬁguration X is given by:
X = P (S0 +

L


αj S j ).

(6)

j=1

Based on the correspondences between the 3D landmark model and the 2D
gallery image with known landmark positions U , we can estimate the parameters
of the transformation matrix P and the shape coeﬃcients α = (αj , j = 1, · · · , L)
according to the maximum-likelihood solution as follows:
{P̂ , α̂} = argmin||P (S0 +
P,α

L


αj S j ) − U ||, P̂ = U (S0 )+ , α̂ = A+ (U − P̂ S0 ), (7)

j=1

where A is a matrix which is constructed by P S j . The details are presented by
Romdhani et al. [17].
When detecting landmarks in a probe image, the shape coeﬃcients α are
considered to be person-speciﬁc and are ﬁxed, while only the transformation P
needs to be estimated. The deformation of the personalized 3D face model due
to expression variations is not considered in this work.
3.4

Hierarchical DAISY Representation of a Facial Landmark

A local feature descriptor is used to established a match between landmarks
in the gallery and probe images. Inspired by the DAISY descriptor [1–3] and
ancestry context [27], we propose a hierarchical DAISY descriptor that augments
the discriminability of DAISY by including larger context information via a
multi-resolution approach (Fig. 2). The contextual cues of facial landmarks are
naturally encoded in the face image with this hierarchical representation that
relates diﬀerent components of a face (i.e., nose, eyes and mouth).
We construct the hierarchical DAISY descriptor of a facial landmark by
progressively enlarging the window of analysis, which is eﬀectively achieved by
decreasing image resolution. Given a face image and a landmark location, we
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(a)

(b)

(c)

Fig. 2. The hierarchical daisy descriptor for the left inner eye corner. (a-c) Images of
diﬀerent resolutions with the corresponding DAISY descriptors.

deﬁne the ancestral support regions of a landmark as the set of regions that are
obtained by sequentially decreasing the image resolution, covering not only the
local context information but also global context information. Keeping the patch
size (pixel units) of the DAISY descriptor constant, we compute the DAISY descriptors in these ancestral support regions. Then, these descriptor vectors are
concatenated to form a hierarchical DAISY descriptor.
3.5

Data-Driven SAmple Consensus (DDSAC)

We propose a Data-Driven SAmple Consensus (DDSAC) that is inspired by the
principle of RANSAC (RANdom SAmple Consensus) and importance sampling.
Although RANSAC has been successfully used for many computer vision problems, several issues still remain open [28]. Examples include the convergence
to the correct estimated transformation with fewer iterations, and tuning the
parameter that distinguishes inliers from outliers (this parameter is usually set
empirically).
With these open issues in mind, we propose a Data-Driven SAmple Consensus
(DDSAC) approach, which follows the same hypothesize-and-verify framework
but improves the traditional RANSAC by using (i) data-driven sampling and
(ii) a least median error criterion for selecting the best estimate. The image
observations are used as a proposal sampling probability to choose a subset
of landmarks, in order to use fewer iterations to obtain the correct landmark
conﬁguration. The proposal probability is designed so that it is more likely to
choose a landmark subset that is more compatible with the geometric shape of
the landmarks as well as their appearance.
Given a probe image I, we ﬁrst search for the best descriptor matching candidates of the landmarks {y j = (uj , v j ), j = 1, · · · , n} where uj and v j are the
position and the descriptor of the candidate of the j th landmark, respectively.
If we construct a template tuple by B j = (xj , Γ j ), where Γ j is the descriptor
template and xj is the initial position (or estimated position from the previous
iteration), the proposal probability of choosing j th landmark P (B j ; y j ) can be
formulated as:
P (B j ; y j ) = P (xj , Γ j ; uj , v j ) = βp(xj |uj ) + (1 − β)q(Γ j |v j ),

(8)
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where β is the weight of the probability derived from the geometry-driven process p(xj |uj ), and (1 − β) is the weight for the probablity based on appearance
q(Γ j |v j ).
The term p(xj |uj ) in Eq. 8 is given by:
N (uj ; xj , σ)
,
r
r
r=1,··· ,n N (u ; x , σ)

p(xj |uj ) = 

(9)

where N (uj ; xj , σ) is the probability that the j th landmark point is located at uj
given the landmark initial position xj . In this work, we model N (uj ; xj , σ) using
a Gaussian distribution with mean the initial position xj . In order to reduce the
sensitivity to initialization, we use robust estimation to compute xj as follows.
First, a large search area is deﬁned to obtain the best descriptor match of the
landmarks. Second, we compute the distances between these match locations and
the initial landmark positions. Finally, the initial conﬁguration X is translated
based on the match that yields the median of these distances.
Algorithm 1. Data-Driven SAmple Consensus (DDSAC)
Input: A tentative set of corresponding points from descriptor template
matching and a geometric constraint (i.e., personalized 3D landmark model and
a weak-perspective transformation)
1. Select elements with the proposal probability deﬁned by Eqn. 8
2. Combine the selected points and delete the duplicates to obtain a subset of
samples
3. Estimate the transformation parameters (i.e., generate a hypothesis)
4. Project the template shape and compute the median of errors between the
projected locations and locations of landmark candidates
5. Repeat Steps 1-4 for m iterations
6. Select the estimated conﬁguration with the least median error, and sort the
landmark candidates by the distances between their positions and this
conﬁguration
7. Re-estimate the conﬁguration based on the ﬁrst k landmark candidates in the
list sorted in ascending order
Output: The estimated transformation and matching results

The second term in Eq. 8, q(Γ j |v j ), deﬁnes the uncertainty of the best descriptor match position for the j th landmark based on the descriptor similarity.
It can be formulated as follows:
q(Γ j |v j ) = 

P (v j ; Γ j , Ω j )
r
r
r
r=1,··· ,n P (v ; Γ , Ω )

(10)

where P (v j ; Γ j , Ω j ) is the probability of j th landmark point at position uj given
the landmark descriptor template Γ j . A Gaussian distribution is also used here
to deﬁne P (v j ; Γ j , Ω j ) with the mean being the descriptor template from the
gallery image. The pipeline for estimating the landmark matches and the shape
transformation is presented in Alg. 1.
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Algorithm 2. 2D gallery processing
Input: A 2D face image associated with a subject ID and the annotated
landmarks
1. Build a personalized 3D landmark model (geometric relationship of
landmarks) by using landmark correspondences between the 2D images and
the 3D statistical landmark model (Eq. 7)
2. Compute the personalized descriptors of the annotated landmarks from the
2D image
Output: Personalized metadata (landmark descriptors and a 3D landmark
model).

Algorithm 3. 3D gallery processing
Input: A 3D textured data associated with a subject ID and the annotated
landmarks
1. Align the 3D face data with the Annotated Face Model (AFM) [24]
2. Orthographically project the 3D texture surface and landmark positions to
predeﬁned viewing angles
3. Compute the descriptors at the projected locations of the landmarks on the
projections
Output: Personalized metadata (multi-view landmark descriptors and a 3D
landmark model).

In our experiments, we empirically set m = 50, β = 0.8, σ = 0.1W (W
being the width of the face image) and Ω j = 10. Figure 5(b) depicts the eﬀect
of selecting k or the ratio k/n on the results. Based on the sampled subset of
the tentative correspondences, we are able to estimate the parameters in the
weak-perspective matrix P with the maximum-likelihood solution described in
Section 3.3.
3.6

Gallery/Probe Processing

The algorithms for 2D gallery, 3D gallery, and probe processing are presented in
Alg. 2, Alg. 3, and Alg. 4, respectively. For 2D gallery image processing (frontal
face image without 3D data), we run the ASM algorithm [6, 7] to automatically
obtain 68 landmarks in order to reduce the annotation burden. We selected
among them 45 landmarks from eyebrows, eyes, nose and mouth that have correspondences in our 3D statistical landmark model. Then, we manually correct
the erroneous annotations from ASM to obtain accurate ground truth. For 3D
gallery face data, we manually annotate each of the landmarks on the 3D surface.
Given a probe image, we use the hierarchical optimization method to localize
the landmarks from coarse level to ﬁne level as presented in Alg. 4.
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Algorithm 4. Hierarchical landmark localization on a probe image
Input: A 2D probe face image and the corresponding gallery metadata
1. Scale the gallery landmarks to match the size of the face region
2. Align the geometric center of the landmarks with that of the face image
3. Optimize from coarse to ﬁne resolution:
a. Generate candidates by the descriptor template matching
b. Estimate the translation by the median of distances between candidates
and the initialization
c. Run DDSAC to obtain matching results and estimate the transformation
Output: Estimated landmark locations

4

Experiments

We evaluated our method on the Multi-PIE [4] and the UHDB14 [5] databases.
Both databases include facial images with pose and illumination variations. The
Multi-PIE dataset includes only 2D images while the UHDB14 includes both 3D
data and the associated texture images for all subjects. We compare the results
of our method to those obtained by the latest ASM-based approach [6, 7] and a
classiﬁer-based facial landmark detector [8, 9].
4.1

Multi-PIE

The Multi-PIE database collected at CMU contains facial images from 337 subjects in four acquisition sessions over a span of six months, and under a large
variety of poses, illumination and expressions. In our experiments, we chose the
data from 129 subjects who attended all four sessions. We used the frontal neutral face images in Session 1 under Lighting 16 (top frontal ﬂash) condition as
the gallery, and the neutral face images of the same subjects with diﬀerent poses
and lighting conditions in Session 2 as the probes. The probe data were divided
into cohorts deﬁned in Table 1, each with 129 images from 129 subjects.
We obtained 45 landmarks in gallery images by using the method described
in Section 3.6. In addition, eight landmarks on the probe images were manually
annotated as the ground truth for evaluation. The original images were cropped
to 300 × 300 pixels, ensuring that all landmarks are enclosed in the bounding
box. Examples of gallery and probe images are depicted in Fig. 3.
Table 1. Probe subset deﬁnitions of the Multi-PIE database
Pose 051 (0◦ ) Pose 130 (30◦ )
16 (top frontal ﬂash)
C1
C2
lighting 14 (top right ﬂash)
C3
C4
00 (no ﬂash)
C5
C6

642

Z. Zeng et al.

Fig. 3. Examples of gallery and probe images from Multi-PIE. (a) Gallery image from
Session 1 with Light 16 and Pose 051 (b-g) Probe images from Session 2 with same ID
as the gallery. Example images with Light 16 and Pose 051 (b), Light 16 and Pose 130
(c), Light 14 and Pose 051 (d), Light 14 and Pose 130 (e), Light 00 and Pose 051 (f),
Light 00 and Pose 130 (g).

(a)

(b)

(c)

(d)

Fig. 4. Gallery image processing and landmark localization on a probe image. (a)
Gallery image with annotations (yellow circles) and ﬁtting results (green crosses). (b)
Personalized 3D landmark model. (c-d) Matching results [initialization (black crosses),
best descriptor matches (red circles), geometrical ﬁtting (green crosses)] on two levels
of resolutions, respectively.

The matching process is depicted in Fig. 4. First, the landmark descriptors
are computed on the gallery image and the 3D personalized landmark model
is constructed from ﬁtting the 3D statistical landmark model, as illustrated in
Figs. 4a and 4b. Then, from coarse to ﬁne resolution, the landmarks are localized
by descriptor matching and geometrical ﬁtting, as illustrated in Figs. 4c and 4d.
The experimental results are shown in Figs. 5 and 6. All of the results are
evaluated in terms of the mean of the normalized errors, which are computed as
the ratio of the landmark errors (i.e., distance between the estimated landmark
position and the ground truth) and the intra-pupillary distance. The average
intra-pupillary distance is about 72 pixels among the frontal face images (cohorts:
C1, C3 and C5), and about 62 pixels among images with varying poses (cohorts:
C2, C4 and C6).
Figure 5(a) depicts the results of our method (URxD-L) using diﬀerent levels
of the DAISY descriptor. It can be observed that the two-level descriptor with
larger context region results in an improvement over the one-level descriptor in
all probe subsets. Figure 5(b) depicts the eﬀect of ratio (k/n) of landmarks used
in DDSAC on the estimation results, where k and n are the number of selected
landmarks and the total number of landmarks, respectively. This ﬁnding suggests
that robust estimation (ratio 0.9-0.4) is better than non-robust estimation (ratio
1.0) in dealing with outliers. Note that the results on probe subsets with frontal
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Fig. 5. (a) Normalized error of URxD-L using diﬀerent levels of DAISY descriptor (b)
Eﬀect of ratio (k/n) of landmarks on the estimation results (c) Means of normalized
errors of diﬀerent landmarks under diﬀerent poses and lighting conditions.

Fig. 6. Comparison among ASM-based [6, 7], Vukadinovic & Pantic detector [8, 9] and
URxD-L on Multi-PIE

pose (same as the gallery) have ”ﬂatter” curves with lower error rates than other
probe subsets. This can be attributed to the fact that frontal face images have less
outliers than the non-frontal face images. Figure 5(c) illustrates the normalized
localization errors of 8 landmarks (right/left eye outer/inner corners, right/left
nostril corners, and right/left mouth corners). We can observe that the eye inner
corners are more reliable landmarks in frontal face images. As expected, for face
images that are non-frontal (e.g., 30◦ yaw) the landmarks on the left face region
are more reliable than those on the right side except for left eye outer corner,
which is often occluded by glasses.
Figure 6 presents a comparison of landmark localization using three diﬀerent methods, including the latest ASM-based approach [6, 7], a classiﬁer-based
landmark detector (Vukadinovic & Pantic) [8, 9], and URxD-L. The results show
that our method can achieve similar or better results than the ASM-based and
Vukadinovic & Pantic detector. They also suggest that a gallery image and robust descriptors are very helpful in reducing training burden and achieving good
results.
4.2

UHDB14 Database

To evaluate the performance of URxD-L for the case where 3D data are available in the gallery, we collected a set of 3D data with associated 2D texture
images using two calibrated 3dMD cameras [29] and a set of 2D images of the
same subjects using a Canon XTi DSLR camera. This database, which we name
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Fig. 7. (a-d) Examples of gallery and probe cohorts from UHDB14. Gallery images
generated from the 3D data (a) -30◦ yaw and (b) 30◦ yaw. Probe images (c) -30◦
yaw and (d) 30◦ yaw. (e) Comparison among ASM-based [6, 7], Vukadinovic & Pantic
detector [8, 9] and URxD-L on UHDB14.

UHDB14 [5], includes 11 subjects (3 females and 8 males) with varying yaw
angles (-30◦ , 0◦ , 30◦ ). We use the textured 3D data as the gallery, and the 2D
images with yaw angles -30◦ and 30◦ as our probe cohorts. Since the data were
obtained with diﬀerent sensors, the illuminations of the gallery and the probe
images are diﬀerent. Some sample images from the gallery and probe cohorts are
shown in Figs. 7(a-d). We manually annotated 45 landmarks on the gallery 3D
data around each facial components (eyebrows, eyes, nose and mouth), and 6
landmarks on the probe images as the ground truth for evaluation. The average
intra-pupillary distances of the two probe cohorts with diﬀerent yaw angles are
72 and 54 pixels, respectively.
We evaluated our method on the 6 annotated landmarks, and compared the results against the ones from ASM-based [6, 7] and Vukadinovic & Pantic detector
[8, 9] in terms of average normalized error. Figure 7(e) presents the comparison in terms of the mean of normalized landmark errors. Note that our method
outperforms both methods.

5

Conclusions

In this paper, we have proposed a 2D facial landmark localization method URxDL that leverages a 2D/3D gallery image to carry out a person-speciﬁc search.
Speciﬁcally, a framework is proposed in which descriptors of facial landmarks as
well as a 3D landmark model that encodes the geometric relationship between
landmarks are computed from processing a given 2D or 3D gallery dataset.
Online processing of the 2D probe, targeted towards the face authentication
problem [30], focuses on establishing correspondences between key points on the
probe image and the landmarks on the corresponding gallery image. To realize this framework, we have presented several methods, including a hierarchical
DAISY descriptor and a Data-Driven SAmple Consensus algorithm. Our approach is compared with two of the existing methods and it exhibits a better
performance.
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