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姿态和表情变化下的三维人脸标志点定位
梁 艳1,2† , 章 云1
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摘要: 三维人脸标志点定位在人脸识别、人脸跟踪、人脸建模、表情分析等方面具有非常重要的作用. 然而, 在姿态和
表情变化很大的条件下进行标志点定位, 这仍然是一个很具挑战性的课题. 本文提出一种对姿态和表情不敏感的三维人
脸标志点定位方法, 利用HK曲率分析检测出候选标志点, 根据对面部形状的先验知识, 提出一种基于人脸几何结构的
分类策略对候选标志点进一步细分, 通过把候选标志点与人脸标志点模型进行匹配, 实现标志点的精确定位. 首先在
CASIA数据集对该方法的标志点定位精度进行测试, 然后在UND/FRGC v2.0数据集对该方法与其他方法进行比较. 实
验结果表明该方法在姿态和表情变化很大的条件下具有高精度和高鲁棒性.
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3D facial landmark localization under pose and expression variations
LIANG Yan1,2† , ZHANG Yun1
(1. School of Automation, Guangdong University of Technology, Guangzhou Guangdong 510006, China;
2. School of Software, South China Normal University, Foshan Guangdong 528225, China)

Abstract: Landmark localization on 3D facial scans is important for face recognition, tracking, modeling, expression
analysis, and so on. However, landmark localization in the presence of large pose and expression variations is still a great
challenge. In this paper, a method for 3D facial landmark localization is presented. The method is insensitive to pose and
expression. Candidate landmarks are detected using HK curvature analysis. According to the priori knowledge on facial shape, a facial geometrical structure-based classification strategy is proposed to subdivide the candidate landmarks.
Landmark localization is obtained by matching candidate landmarks with a facial landmark model (FLM). The landmark
localization accuracy of our method is first experimented on the CASIA dataset. Then, our method is compared with the
state-of-the-art methods on the UND/FRGC v2.0 dataset. Experimental results confirm that our method achieves high
accuracy and robustness both to large pose and expression variations.
Key words: facial landmark localization; HK curvature analysis; facial landmark model; classification strategy; mesh
segmentation

1 Introduction
Three-dimensional (3D) facial landmark localization aims at automatically localizing facial feature
points on 3D facial scans. It has a large number of
applications such as face recognition, head pose estimation, face tracking, face expression analysis, 3D face
reconstruction, lip reading, and so on[1] . Reliable facial
landmark localization is essential.
Despite the fact that a large number of works have
focused on facial feature detection in recent years, facial
landmark localization remains an open issue[2–4] . It can
be well done in the case of neutral frontal facial scans[5–7] . However, in the presence of large pose variations, 3D facial scans suffer from the problem of missing parts due to self-occlusion, which degrades land-

mark localization performance. Additionally, 3D facial scans are sensitive to expressions. When expression changes, the point positions on the facial surface
can exhibit large variations, up to 25 mm of linear displacement around the mouth[8] . Some examples highlighting these issues are illustrated in Fig.1. Therefore,
landmark localization in the presence of large pose and
expression variations is still a challenging task.
Bagchi et al.[9] presented a HK curvature-based approach for nose tip and eye corners detection. They detected the feature points through an analysis of the curvature of a 3D facial surface. The method was tested on
the FRAV3D database of 752 scans, with pose variations. Although they obtained a localization success
rate of 98.80% for nose tip, they only obtained a lo-
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calization success rate of 72.20% for eye corners. It indicates that the curvature alone is not sufficiently robust
for detecting eye corners.

(a)
(b)
(c)
Fig. 1. Sample scans of a subject from the CASIA database[10],
(a) neutral frontal scan, (b) nonneutral scan, (c) side
scan. In (c), the original side scan and the pose normalized frontal view are both shown. Note the extensive
missing data in (c)

An HK curvature-based method was also mentioned in [11] to detect nose tip and eye corners. The
method was assessed on the CASIA 3D dataset[10] . It
achieved a localization success rate of 99.3% for nose
tip and 98.2% for eye corners. But authors did not define what a correct detection is.
Yang et al.[12] proposed an automatic nose tip location method to deal with the problem of pose variations.
They believed that the depth value of nose tip was always the largest when a 3D facial scan was projected
onto the corrected pose direction. Based on this assumption, they detected candidate nose tip points by directional maximum. A similar approach was also mentioned in [13]. However, in the presence of large pose
variations, e.g. rotation along the X-axis direction, this
assumption was not always correct and it led to the failure of nose tip detection.
Statistical shape model-based approaches are a popular choice for landmark localization[14] . The common
denominator of these methods is the availability of a
reliable low-dimensional model for the shapes of interest. They combine the responses of local feature detectors with shape constraints that ensure plausibility of
the result at a global level. Creusot et al.[15] presented a method called local shape dictionary to detect facial landmarks. Local shapes were learnt at a set of 14
manually-placed landmark positions and characterized
by a set of 10 shape descriptors. But the method had limitations, e.g. only linear combinations were used for
the descriptors. A shape index-based statistical shape
model (SI–-SSM) was presented to detect and track
landmarks on 3D and 4D data[16] . The SI–-SSM was
constituted by the global shape of landmarks and the local features from patches around each landmark. However, ICP was used to get the initialized patches, which
made this method sensitive to yaw variations. Zhao et
al.[17] proposed a general learning-based framework for
detecting facial features on 3D facial data. The method
relied on a statistical facial feature model which was
constructed by applying PCA to the global 3D face
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landmark configurations, the local texture, and the local
shape around each landmark. The method addressed
the problem of 3D landmark detection under expression and occlusion variations. However, it was sensitive to pose changes. Facial landmark model (FLM)
was used in some works for facial landmark localization[18–20] . For example, Perakis et al.[18] used shape
index and spin images to extract candidate landmarks.
The candidate landmarks were matched with the FLM
and the positions of feature points were located. The
method addressed the problem of large yaw and expression variations. However, they used three FLMs (i.e.
FLM8, FLM5L, and FLM5R) to deal with pose variations, which increased the complexity of the calculation. Additionally, in contrast to HK curvature, the calculation of shape index was more complicated.
In this paper, we propose an approach of automatic facial landmarks localization which deals with large
pose and expression variations based on the facial geometrical structure. The approach consists of three main
steps. Firstly, candidate landmark points (i.e. nose tip,
chin tip, eye corners and mouth corners) are detected by
using HK curvature analysis. Secondly, candidate landmarks are subdivided according to a facial geometrical structure-based classification strategy. Finally, landmarks are detected using an FLM. The experimental
results on the CASIA 3D face dataset and the FRGC
v2.0 dataset[21] combined with the UND Ear dataset[22]
demonstrate the effectiveness of our method.
The main contributions of this paper are the following:
1) We propose a facial geometrical structure-based
classification strategy to subdivide candidate landmarks.
2) Compared with [18], we only use one FLM to
deal with pose and expression variations.
3) Our method is accurate and robust to large yaw
variations (up to 60 degrees) and strong expression variations.
The rest of this paper is organized as follows: Section 2 describes the proposed approach for 3D facial
landmark localization. Section 3 analyzes the experimental results. Comments and conclusions are provided
in Section 4.

2

Method

The aim of our work is to localize eight landmarks,
i.e. left eye outer corner (LEOC), left eye inner corner
(LEIC), right eye inner corner (REIC), right eye outer
corner (REOC), nose tip (NT), mouth left corner (MLC), mouth right corner (MRC), and chin tip (CT), on a
facial scan (Fig.2). However, some landmarks are not
always visible due to self-occlusion. For example, only
five of these landmarks are visible on side scans. There-
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fore, it is very difficult to precisely localize landmarks
when the pose of scan is unknown.
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Table 1 HK classification
K<0

K=0

K>0

H<0

Hyperbolic
convex

Cylindrical
convex

Elliptical
convex

H=0

Hyperbolic
symmetric

Planar

Impossible

H>0

Hyperbolic
concave

Cylindrical
concave

Elliptical
concave

We use a thresholding process to retain the most significant candidate landmarks. It is given as
Fig. 2. The 8 landmark points on a facial scan

HK classification is a method for curvature analysis
on a 3D object proposed by Besl and Jain[23] . It can detect fundamental elements on a facial surface based on
the signs of Gaussian and mean curvature, which make
it translation and rotation invariant. It is widely adopted in many works. However, there are multiple points
which have significant curvatures. This method can not
provide the exact landmark localization results. In the
traditional FLM-based method, the plausible landmark
combinations are selected by matching with the FLM.
They must have the same dimensions. However, eight
landmarks are visible on frontal facial scans, while only
five landmarks are visible on side facial scans. The traditional FLM-based method cannot handle frontal and
side facial scans simultaneously.
In this section, we describe a facial geometrical
structure-based method to localize landmarks on 3D facial scans which exhibit large pose and expression variations. Candidate landmarks are detected by HK classification. Based on the priori knowledge of facial geometrical structure, we can subdivided the candidate
landmarks and determine which landmark point is visible. If eight landmarks are visible, candidate landmark
sets are matched with the FLM directly. Otherwise, candidate landmark sets should be complemented first, and
then matched with the FLM.

2.1 Candidate landmarks detection
We use HK classification to detect candidate landmarks. H stands for Mean curvature and K stands for
Gaussian curvature. The Mean and Gaussian curvature
of a 3D point p are defined as
k1 (p) + k2 (p)
H(p) =
,
(1)
2
K(p) = k1 (p)k2 (p),
(2)
where k1 (p) and k2 (p) are the maximum and minimum
principal curvature of p, respectively.
Each point can be labeled into basic geometric
shape type based on the combination of the signs of
Mean and Gaussian curvature as shown in Table 1[24] .

H(p) < θHN and K(p) > θKN ,
θHC < H(p) < θHC′ and θKC < K(p) < θKC′ ,
H(p) > θHEI and K(p) > θKEI ,
H(p) > θHEO and K(p) < θKEO ,

(3)
(4)
(5)
(6)

where θHN , θHC (θHC′ ), θHEI , and θHEO are the mean
curvature threshold of nose tip, chin tip, eye inner corner/mouth corner and eye outer corner, respectively.
θKN , θKC (θKC′ ), θKEI , and θKEO are the Gaussian curvature threshold of nose tip, chin tip, eye inner corner/mouth corner and eye outer corner, respectively.
Thresholds are set by the rule that the retained candidates account for a certain proportion of a face surface,
0.5% for nose tip, 1% for chin tip, 2% for eye inner
corner/mouth corner, and 0.5% for eye outer corner[25] .
According to this rule, the threshold values in our experiments are: θHN = −0.1, θHC = −0.05, θHC′ =
−0.01, θHEI = 0.01, θHEO = 0.01, θKN = 0.01,
θKC = 0.001, θKC′ = 0.005, θKEI = 0.001, and
θKEO = −0.01. Then, candidate landmark points can
be detected and divided into four classes: nose tip, chin
tip, eye inner corner/mouth corner and eye outer corner.
However, since candidate landmarks of mouth corner and eye inner corner are elliptical concave, they belong to the same class. In addition, it cannot catch the
relative position. For example, candidate landmarks of
left and right eye outer corner are in the same class.
Therefore, the HK classification alone is insufficient.
Candidate landmarks need to be further classified.
2.2 Facial geometrical structure-based classification strategy
Nose is the most stable facial region under pose and
expression variations[26] . Once the nose is identified,
we can further classify the candidate points according
to the priori knowledge on facial shape[27] . It is helpful
to the subsequent step and can improve the accuracy of
landmark localization. Here, we propose a facial geometrical structure-based classification strategy. Firstly,
the areas of nose tip and nasion are detected. The centroids of the two areas are regarded as the coarse positions of nose tip and nasion. Secondly, an intrinsic coordinate system is defined by nose tip, nasion, and the
normal vector at nose tip. Then, according to the posi-
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tion in the coordinate system, the candidate landmarks
can be further subdivided.
2.2.1 Coarse nose tip and nasion search
In order to identify the nose, we localize nose tip
and nasion as auxiliary points. The nose tip is typical
peak region and the nasion is typical saddle ridge region. Thus, the candidates of nose tip and nasion can
be detected by using the method mentioned in Section
2.1. However, the candidate points are discrete. Furthermore, there are a large number of outliers. Therefore, we first perform mesh segmentation to detect the
areas of nose tip and nasion. The segmentation process
is similar to the region growing algorithm in image segmentation, which uses the adjacency relation in topology information for area extension. The connected regions whose Mean and Gaussian curvature conform to
certain conditions are separated from the original data.
Let M = (V, T ) be a 3D mesh, where
V = {pi |pi = (xi , yi , zi ), 1 6 i 6 N }
is the set of mesh vertices and
T = { tijk |1 6 i 6 N, 1 6 j 6 N,

1 6 k 6 N, i ̸= j ̸= k}
is the set of triangles formed by adjacent vertices. N
is the number of mesh vertices. AV (pi ) is the set of
adjacent vertices of pi . C = {ci } is the set of HK classification labels. If the values of Mean and Gaussian
curvature of pi conform to a certain combination (Section 2.1), ci = 1, otherwise ci = 0. The method of
mesh segmentation is summarized in Algorithm 1.
Algorithm 1 Mesh segmentation.
Input a 3D mesh M , the set of adjacent vertices
AV and the set of HK classification labels C .
Procedure:
1) Set a label li for each vertex. Initialize li = 0
and the number of connected regions n = 1;
2) Choose a vertex pi which li = 0 and ci = 1. Set
p = pi and li = 1. pi is added to the set of connected
regions REn ;
3) For each vertex pj ∈ AV (p), if cj = 1 and
lj = 0, pj is added to the set of connected regions REn ;
4) For each unprocessed vertex pk ∈ REn . Set
p = pk and lk = 1. Repeat step 3);
5) n = n + 1. Repeat steps 2), 3), and 4) until
every vertex has been processed.
Output the set of connected regions REn .
We usually get more than one connected region because of outliers. But the nose tip and nasion connected regions are the largest (having the largest number of
points). Fig.3 shows examples of nose tip and nasion
connected regions in red and outlier connected regions
in green. Therefore, we choose the largest peak connected region and saddle ridge connected region as nose
tip area and nasion area, respectively.

(a)
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(b)

Fig. 3. Connected regions of high curvature,
(a) peak connected regions, (b) saddle
ridge connected regions

Once the areas of nose tip and nasion are detected,
the centroid of nose tip area Gtip and the centroid of
nasion area Gn are computed as the coarse positions of
nose tip and nasion, respectively.
2.2.2 Definition of an intrinsic coordinate system
Nose tip, nasion, and the normal vector at nose tip
are needed to define an intrinsic coordinate system.
Note that the centroid of nose tip area Gtip obtained
in Section 2.2.1 may not be located on the facial surface and there is no normal vector. Thus, we choose the
closest vertice on the surface, which is denoted by G′tip ,
to replace Gtip . The normal vector at G′tip is given by

N V = P D1 × P D2 ,

(7)

where P D1 and P D2 are the two principal directions at G′tip . Then, the intrinsic coordinate system can be
defined by G′tip , Gn , and N V . Its origin is G′tip .

Fig. 4. An intrinsic coordinate system defined by nose tip,
nasion, and the normal vector at nose tip

As can be seen from Fig.4, a facial surface is divided into four areas by the XZ and YZ planes. Left eye
outer/inner corner is located above the XZ plane and on
the left of the YZ plane. Right eye outer/inner corner is
located above the XZ plane and on the right of the YZ
plane. Mouth left corner is located below the XZ plane
and on the left of the YZ plane. Mouth right corner is
located below the XZ plane and on the right of the YZ
plane.
Thus, according to the position in the coordinate
system, the candidate landmarks obtained in Section 2.1
are subdivided into eight classes: nose tip, chin tip, left
eye outer corner, right eye outer corner, left eye inner
corner, right eye inner corner, mouth left corner and
mouth right corner. It can improve the efficiency of
landmark localization.
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In addition, the candidate points which do not conform to the facial geometrical structure will be filtered
out. For example, the candidate points, which are labeled hyperbolic concave while located below the XZ
plane, cannot be the eye outer corners. Therefore, they
will be regarded as outliers and filtered out.
2.3 Landmark localization
2.3.1 Facial landmark model
An FLM is created to represent the landmark positions. To train the model, we manually labeled the target
landmarks for each facial scan of the training set. Each
example is represented by a shape vector of concatenated 3D coordinates:

Ω = [ω1 ω2 · · · ωm ]T =
[x1 y1 z1 · · · xm ym zm ]T ,

(8)

where ωi = (xi , yi , zi ) is the coordinates of each landmark and m is the number of landmarks. The shape
vector is a 3m-dimensional vector. In this paper, m =
8.
In order to remove the translational, rotational, and
scale effects, we use Procrustes analysis to align the
training shapes to their mean shape. It is performed by
minimizing the Procrustes distance D:
m
∑
D2 = |Ω k − Ω̄|2 = (ωi k − ω̄i )2 ,
(9)
i=1

where Ω k is the k th training shape. Ω̄ is the mean shape
which is defined as
L
1 ∑
Ω̄ =
Ωk,
(10)
L k=1
where L is the number of examples in the training set.
PCA is then applied to the aligned shape vectors. It
provides an efficient parameterization of the shape model through dimensionality reduction[28] .
If ϕ contains the f eigenvectors ϕi corresponding
to the f largest eigenvalues λi of the covariance matrix
CM of the aligned shape vectors, then the FLM can be
modeled by

Ω ′ = Ω̄ + ϕb,

(11)

b is a set of parameters controlling the shape variation
of FLM. It is a f -dimensional vector. The variance of
the ith parameter, bi , across the training set is given by
λi [29] . The value of f is typically determined by the
number of components which is required to account for
99% of the training variation, and it is computed as
f
∑
λi
i=1
> 0.99.
(12)
3m
∑
λj
j=1

2.3.2 Landmark selection
In the traditional FLM-based method, the plausible landmark combinations and the FLM must have the
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same dimensions. However, large yaw variations will
result in missing data. Eight landmarks are not always
visible on facial scans. The traditional FLM-based method cannot handle frontal and side facial scans simultaneously. Perakis et al.[18] used three FLMs to deal with
this problem. In this work, candidate landmarks have
been subdivided into eight classes according to the facial geometrical structure-based classification strategy.
Candidate landmark set is empty set, which means the
corresponding landmark is invisible. Fig. 5 shows a facial scan at approximate 60◦ yaw. Elliptical concave regions which can correspond from eye inner corners and
mouth corners are labeled in red. It is clear that the candidate landmark sets of right eye inner corner and mouth
right corner are empty sets. Therefore, we can easily estimate whether the landmark points are visible and only
use one FLM to deal with large pose variations, which
greatly decreases the complexity of the calculation.

Fig. 5. Facial scan at approximate 60◦ yaw

We select the plausible landmark combinations by
matching them with the FLM. Let α be the number of
nonempty candidate landmark sets of a test facial scan.
The nonempty landmark class is referred as LN and the
empty landmark class is referred as LE . We create combinations Ψ by selecting one candidate landmark point
from each LN class (Section 2.2.2). In order to filter out
the translational and rotational effects, Ψ is aligned to
Ω̄ ′ by minimizing the Procrustes distance, where Ω̄ ′ is
the subset of Ω̄ and contains the landmarks belonging
to LN .
Note that the dimensions of Ψ and Ω̄ may be different. Ψ cannot be projected onto the PCA feature
subspace directly. Therefore, we use Ψ ′ instead of Ψ ,
where Ψ ′ contains the landmarks of Ψ (α landmarks)
and the landmarks of Ω̄ which belong to LE (8 − α
landmarks). Project Ψ ′ onto the PCA feature subspace
and its deformation parameters can be computed as

b = ϕT (Ψ ′ − Ω̄).

(13)

We assume that bi are independent and gaussian.
√
Then we set deformation constraints, |bi | 6 3 λi , to
each element[18, 29] . The candidate landmark shape Ψ
belongs to the shape class with probability
∑
λi
Pr(Ψ ) =
,
(14)
Esum
where λi are the eigenvalues that satisfy the deformation constraints and Esum is the sum of the eigenvalues
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which are incorporated into the FLM. If Pr(Ψ ) exceeds
0.99, the landmark set Ψ is considered plausible, otherwise it is rejected.
Since the plausible landmark set may not be unique,
we use Procrustes distance as a distance metric. The
plausible landmark set which has the minimum Procrustes distance from FLM is selected as the landmark
localization result.

3 Experimental results
In this section, we present three sets of experiments
to evaluate the performance of the proposed method for
landmark localization. The first one is to demonstrate
the method’s robustness to pose variations. The second
one is to demonstrate the method’s tolerance to expression variations. Both experiments are conducted on the
CASIA 3D face dataset[10] . The third one is to compare
our method with other state-of-the-art methods on the
FRGC v2.0 dataset[21] combined with the Ear dataset
from the University of Notre Dame (UND), collections
F and G[22] .
The CASIA dataset consists of 4,624 scans of 123
persons, with different expressions, illumination and
pose variations. The scans are given as point clouds of
about 1.5×104 vertices. The FRGC v2.0 dataset is composed of 4,007 range images of 466 persons. The images have frontal poses and various facial expressions.
All images have resolution of 480 × 640. The UND
dataset contains side scans with yaw rotations of 45,
60, and 90 degrees. The institution collecting the UND
dataset is the same that defined the FRGC v2.0 dataset.
There is a partial overlap between subjects in the two
datasets.
In these experiments, the error is computed as the
Euclidean distance between the detected landmark and
the corresponding manually labeled landmark. If the
error is under a certain threshold (TH = 10 mm), it is
deemed to be a successful detection.
3.1 Experiment 1: performance evaluation against pose variations
In this experiment, we use the subset of the CASIA
dataset which contains scans with pose variations. Note
that the CASIA dataset contains side scans with yaw rotations of 30◦ , 60◦ , and 90◦ . However, both sides of the
face have missing data and noses are missed for the 90◦
side scans. Therefore, we use only the 30◦ and 60◦ side
scans. The training set is composed of one frontal scan
per subject (123 scans). In order to evaluate the performance of our method against pose variations, we define
five testing sets:
1) TS00, contains five frontal scans per subject
(615 scans);
2) TS30--y, contains two scans with yaw rotations
of 30◦ (left and right) per subject (246 scans);
3) TS60--y, contains two scanswith yaw rotations
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◦

of 60 (left and right) per subject (246 scans);
4) TS30--p, contains two scans with pitch rotations
of 30◦ (looking-up and looking-down) per subject (246
scans);
5) TS30--r, contains two scans with roll rotations
of 30◦ (tilt left and tilt right) per subject (246 scans).
These scans are independent of the 123 scans used
in training the model. Scans in the training set and the
testing sets are all neutral. Fig.6 illustrates several landmark localization examples with pose variations. Note
that only five landmarks are localized in facial scans
with large yaw variations (Fig.6(d)).

(a)

(b)

(c)

(d)

Fig. 6. Landmark localization examples with pose variations,
(a) front, (b) roll rotation, (c) pitch rotation, (d) yaw
rotation

Table 2 shows the mean error, standard deviation,
and success rates of landmark localization on testing
sets with pose variations. The mean error is less than
4.92 mm and the standard deviation is less than 2.90
mm in all testing sets. The success rate of landmark localization is at least 96.54%. The results show that our
method has high accuracy to pose variations.
Table 2 Effect of pose variations on landmark
localization accuracy
Testing set

Mean/mm

Std./mm

Success rate

TS00
TS30--y
TS60--y
TS30--p
TS30--r

4.17
4.69
4.92
4.34
4.21

2.53
2.78
2.90
2.68
2.62

99.03%
97.83%
96.54%
98.75%
99.01%

Note that the accuracy of landmark localization decreases when the yaw angle increases. This is because
as the yaw angle increases, the proportion of non-facial
regions increases, too. It will bring in more noise and
outliers and lead to the failure of landmark localization.
3.2 Experiment 2: performance evaluation against expression variations
In this experiment, we analyzed the effect of expressions on the landmark localization accuracy. The same
FLM is used in Experiment 1 and Experiment 2. We
define three testing sets:
1) TS--neutral, contains five neutral frontal scans
per subject (615 scans);
2) TS--small, contains four small expression frontal
scans per subject (including smile and closed eyes) (492
scans);
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3) TS--large, contains six large expression frontal
scans per subject (including laugh, anger, and surprise)
(738 scans).
Some landmark localization examples with expression variations are shown in Fig.7. Table 3 provides
an exhaustive summary of results obtained using testing
sets with expression variations. As can be seen from the
table, the best result is achieved for the neutral scans
category with a 99.03% accuracy. When the testing
set consists of large expression scans, the success rate
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of landmark localization is 92.98%, which represents a
high performance.

(a) smile

(b) laugh

(c) anger

(d) surprise

Fig. 7. Landmark localization examples with expression
variations

Table 3 Effect of expression variations on landmark localization accuracy
Testing set

TS--neutral

TS--small

TS--large

Localization
error

Mean/
mm

Std./
mm

Success
rate/%

Mean/
mm

Std./
mm

Success
rate/%

Mean/
mm

Std./
mm

Success
rate/%

LEOC
REOC
LEIC
REIC
NT
MLC
MRC
CT
Mean error

4.89
4.72
3.81
3.55
3.49
4.37
4.16
4.38
4.17

3.15
3.08
2.43
2.29
2.24
2.36
2.32
2.33
2.53

97.62
98.33
99.41
99.45
99.67
99.32
99.39
99.04
99.03

5.12
5.04
3.88
3.62
3.51
4.62
4.58
4.54
4.36

3.29
3.21
2.55
2.34
2.26
2.52
2.45
2.72
2.67

96.33
96.96
99.03
99.26
99.45
94.37
94.45
97.75
97.20

5.44
5.38
3.95
3.69
3.53
8.35
8.18
6.33
5.61

3.35
3.32
2.64
2.39
2.30
5.12
4.98
4.24
3.54

94.12
94.56
97.85
98.11
99.12
85.46
84.27
90.34
92.98

In addition, it can be observed that landmarks
with less deformation in expressions are better localized (i.e., nose tip and eye inner corners). Mouth corners are detected with the worst accuracy on the TSlarge dataset because they have large displacement
and deformation resulting from facial expressions.
3.3 Experiment 3: comparison with other methods
In this experiment, our method is compared with
several state-of-the-art methods on the UND/FRGC

v2.0 dataset. We use the FRGC v2.0 dataset for frontal
facial scans and the UND dataset for side facial scans.
We test our method on 1,500 facial scans which
are randomly selected from the FRGC v2.0 dataset.
Many of these scans have facial expressions. In addition, we test our method on the 45◦ side scans (118
left and 118 right from 118 subjects) and the 60◦ side
scans (87 left and 87 right from 87 subjects) from the
UND dataset. The localization results with different
methods are presented in Table 4 and 5.

Table 4 Comparison of localization results on the FRGC v2.0 dataset
Mean (std.)/mm
Method

Passalis et al.[30]

Zhao et al.[17]

Perakis et al.[18]

Our method

scans

975

1500

975

1500

LEOC
REOC
LEIC
REIC
NT
MLC
MRC
CT

5.62(3.47)
5.79(3.45)
5.48(2.59)
5.03(2.47)
4.91(2.49)
6.47(4.26)
5.65(4.34)
6.31(4.43)

4.31(2.05)
3.89(2.04)
3.21(1.44)
3.24(1.43)
4.43(2.56)
4.09(2.32)
4.34(2.50)
—

5.83(3.42)
5.58(3.33)
4.41(2.49)
4.15(2.35)
4.09(2.41)
5.42(3.84)
5.56(3.93)
4.92(3.74)

4.28(2.03)
3.88(2.01)
4.17(2.42)
4.02(2.33)
3.82(2.08)
4.88(3.11)
5.15(3.52)
4.69(2.95)
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Table 5 Comparison of localization results on the UND/FRGC v2.0 dataset
Mean (std.)/mm
Method
Testing set
(scans)
LEOC
REOC
LEIC
REIC
NT
MLC
MRC
CT

Passalis et al.[30]

Perakis et al.[18]

Our method

FRGC v2.0 (975) +
UND (117)
6.71(3.76)
6.51(3.68)
6.87(2.92)
5.97(3.13)
4.60(3.01)
6.10(4.17)
5.52(3.58)
6.59(4.16)

FRGC v2.0 (975) +
UND (117)
6.06(4.13)
5.32(3.71)
4.90(2.96)
4.65(2.45)
4.41(2.68)
4.91(2.88)
5.01(2.97)
4.80(3.52)

FRGC v2.0 (1500) +
UND (410)
4.67(2.71)
4.03(2.40)
4.52(2.79)
4.53(2.41)
4.06(2.32)
4.54(2.43)
4.69(2.67)
4.66(2.83)

Table 4 shows the performance comparison on
the FRGC v2.0 dataset which contains scans with
frontal poses and various expressions. Our method
outperforms the state-of-the-art except [17]. Zhao’s
method[17] exhibits the minimum mean error and
standard deviation for eye inner corners and mouth
corners. However, it cannot deal with large yaw variations which will make some landmarks invisible.
Moreover, it needs not only range images but also texture images.
Table 5 presents comparative results on the UND/
FRGC v2.0 dataset which contains scans with various poses and expressions. Compared to [18, 30],
our method achieves smaller mean localization distance errors and standard deviations for all landmarks.
These results indicate that our method is more accurate and robust to pose and expression variations.

4 Conclusions
In this paper, we present a pose and expression independent approach for 3D facial landmark localization. Candidate landmarks are detected using HK curvature analysis and further classified according to a
facial geometrical structure-based classification strategy. They are identified and labeled by being matched
with an FLM. We perform experiments on the CASIA dataset which contains scans with yaw variations
up to 60 degrees and varying degrees of expressions.
Furthermore, our method is compared with state-ofthe-art methods on the UND/FRGC v2.0 dataset. The
results show that our method has high accuracy and
robustness both to large pose and expression variations.
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