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Combining local features for robust nose location in 3D facial data
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Abstract
Due to the wide use of human face images, it is signiﬁcant to locate facial feature points. In this paper, we focus on 3D facial data and
propose a novel method to solve a speciﬁc problem, i.e., locating the nose tip by one hierarchical ﬁltering scheme combining local features. Based on the detected nose tip, we further estimate the nose ridge by a newly deﬁned curve, the Included Angle Curve (IAC). The
key features of our method are its automated implementation for detection, its ability to deal with noisy and incomplete input data, its
invariance to rotation and translation, and its adaptability to diﬀerent resolutions. The experimental results from diﬀerent databases
show the robustness and feasibility of the proposed method.
 2006 Elsevier B.V. All rights reserved.
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1. Introduction
With the rapid development of 3D capture system, 3D
facial data are widely used in many ﬁelds, such as modelling, animation and recognition. Most applications depend
on robust feature point location. In images of faces that
include color, the pupils have distinctive features since they
have black texture and circle-like shapes. In contrast, the
nose has the most distinct features in 3D facial data while
the region near the eyes becomes ﬂat. Many other features,
such as eye corners and mouth corners, are positioned
depending on the baseline position of the nose.
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This paper focuses on the speciﬁc task of developing a
robust method to identify the location of the nose in 3D
facial data. Here 3D facial data include multiple forms,
such as range data, the surface model of the whole head
or front of the face, and the scattered or triangulated facial
point clouds. We generally call these data as 3D point
clouds in the following. To the best of our knowledge, there
is no existing work on detecting the nose in 3D point
clouds. Many existing works requiring nose detection
usually have two solutions: one is to mark feature points
(including the nose) manually; the other is to detect the
nose automatically. However, the existing automated
methods are usually based on the assumption that the nose
tip is the highest point in 3D facial data (Lee et al., 1993,
2003; Hesher et al., 2002; Beumier and Acheroy, 2000).
Although this assumption can largely reduce the computational complexity of detection, it does not always hold due
to the noise and rotation of the subject. Besides that, Gordon (1991) and Kim et al. (2001) used curvature information to detect the nose. Although curvature information
is robust to rotation and translation, it is only suitable to
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clean 3D data and does not work with noisy data. In fact,
data directly obtained from laser scanners usually contain
many outliers and holes around the eyes, the opened
mouth, the hair, the clothes and so on. It is a diﬃcult task
to remove all the noise automatically. In this paper, we
attempt to develop a method that can deal with not only
a well-processed 3D model but also noisy data.
To locate the nose tip in complex 3D data, we must
extract the distinguishing features that make the nose tip
salient from other points. To make the detection algorithm
robust, the used features should also be invariant to rigid
transformation. The diﬀerent kinds of 3D data obtained
in diﬀerent ways usually have diﬀerent resolutions and
quality, and thus the used features should be suitable to
multi-resolution. In addition, although the nose usually
has less non-rigid transformation than do other facial
regions, such as the mouth and the eyes, the collected data
usually include not only the whole face, but also some
clothing. Thus the proposed features should also be robust
to non-rigid transformation. In fact, it is very diﬃcult,
perhaps even unrealistic, to ﬁnd this kind of feature.
Here, we build a new scheme, i.e., a hierarchical ﬁltering
scheme that integrates two kinds of weak local features, to
locate the nose tip instead of attempting to ﬁnd one kind of
eﬀective feature to solve all the diﬃculties. After the nose
tip is located, the nose ridge is marked using our proposed
curve, i.e., the Included Angle Curve (IAC). This proposed
method is invariant to rotation and translation, holes and
outliers, and suitable to multi-resolution data. To make
our method general, our proposed weak features only
depend on scattered points, which are the basic component
of many kinds of 3D data. An earlier shorter version of the
work described in the current paper is published in (Xu
et al., 2004). The current paper has the important extension
in terms of the description of algorithms, experiments and
the performance analysis.
The remainder of the paper is organized as follows. Section 2 describes the hierarchical ﬁltering scheme for nose
tip detection in detail. The nose ridge estimation using
the Included Angle Curve is presented in Section 3. Section
4 presents experimental results from three diﬀerent databases, and Section 5 concludes the paper.
2. Nose tip detection
In this section, we describe how to identify the nose tip in
facial 3D point clouds. We extract local surface features and
local statistical features for each point. Either of the features describes the local characteristics of facial surface.
Although each of them is weak and does not identify the
nose tip correctly, one hierarchical ﬁltering scheme fusing
them can be constructed to improve the precision. In the following, we ﬁrst provide a deﬁnition of eﬀective energy (EE).
Then, two kinds of local features and our hierarchical ﬁltering scheme are described in the following three subsections.
First, a deﬁnition of eﬀective energy is provided, and
both subsequent local features are extracted based on it.
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Fig. 1. The eﬀective energy of the neighboring points.

For each point in one point cloud, we can ﬁnd its neighboring points within a given sphere with a radius r and centered at this point. As shown in Fig. 1, for point P, Pi is
one neighboring point lying within the sphere, and NP is
its normalized normal. Thus, we can deﬁne the eﬀective
energy (EE), di, for each neighboring point with the inner
product of the vectors Pi  P and NP:
d i ¼ ðP i  P Þ  N P ¼ kP i  P k cos h;
ð1Þ
where h is the angle between Pi  P and NP.
This deﬁnition requires the normal of the point, which
may be missed in some data. In this kind of data, the normal of each point can be estimated using the method of
principal component analysis as described in the following.
It is assumed that X = {x1, x2, . . . , xn} is the set of neighboring points. Thus, its covariance matrix can be obtained as
follows:
X
ðxi  xÞðxi  xÞT ;
ð2Þ
Q¼
xi 2X

where xi is a column vector, representing one point’s
position in 3D space, and x is the mean value of all the
points. Thus, Q is a 3 · 3 positive semi-deﬁnite matrix.
We determine that k1, k2 and k3 (k1 P k2 P k3) denote
the eigenvalues of Q corresponding to three eigenvectors
v1, v2 and v3, respectively. Commonly, the perpendicular
direction of the local area has the fewest points. So, v3
(corresponding to the smallest eigenvalue) similarly corresponds to the normal direction. Then, we use v3 to approximate the normal of this point.
In one facial point cloud, a number of 3D points compose the whole facial surface. Distinctly, for a point in
the peak area of the facial surface, all the eﬀective energy
of its neighbors is negative; for a point in the concave area,
all the eﬀective energy is positive; for a point in the ﬂat
area, all the eﬀective energy is approximately zero; and
for a point in the other area, the eﬀective energy is an alternative. Thus, the eﬀective energy can coarsely distinguish
some shapes.
To locate the nose tip reliably, we consider two distinguishing properties of the nose tip in the following. The
ﬁrst is that the nose tip is the highest local point; the second
is that the nose tip has a special shape, like a peaked cap.

C. Xu et al. / Pattern Recognition Letters 27 (2006) 1487–1494

These two properties correspond to Rules 1 and 2 as
described in Sections 2.1 and 2.2, respectively. Section 2.3
gives our hierarchical ﬁltering scheme combining two rules
to identify the nose tip position.
2.1. Local surface features
This section describes one kind of local feature, i.e., the
local surface feature. Rule 1, based on the local surface features, is constructed to select the candidates for the nose tip.
Some existing work utilizes the assumption that the nose
tip is the highest point among the facial data. This is correct when the subject is nicely toward the capturing equipment during collection. If the captured subject makes some
poses, such as rotation, the nose tip is not the highest point.
Moreover, inﬂuenced by hair and clothes, this assumption
does not always hold. However, the nose tip is still the local
highest point in a certain direction even under rotation
poses. To use this observation, one key problem is how
to determine this ‘‘certain direction’’. In fact, we can use
the normal of the point to approximate this direction.
Further, we can use the eﬀective energy to describe this
property of the local highest point. Thus we obtain Rule 1:
Rule 1. To a point, P, in the point cloud, NB(P) is its
neighboring set and EE(P) is the corresponding EE set.
Then, P is the nose tip candidate only if all the components
in EE(P) are negative.
Mathematically, the neighboring set of point P is
NB(P) = {p1, p2, . . . , pn}, and the corresponding EE set is
EE(P) = {d1, d2, . . . ,dn}, where di is deﬁned by Eq. (1).
Then, P is a nose tip candidate only when "di < 0.
This rule is easy to understand. If P lies near the nose
tip, that is, lying in the convex area of the facial surface,
h in Eq. (1) is always larger than 90. Thus, di is always negative. The points around the nose tip satisfy this requirement. But this condition is very weak and many points
lying in other areas, such as the cheeks and chin, also meet
this condition. However, this simple rule is very helpful to
reduce the search space eﬀectively.
2.2. Local statistical features
Now, we consider another kind of feature: the local statistical features. Intuitively, the shape of the nose is diﬀerent from other areas on the facial surface, and it is like a
cap. However, it is very diﬃcult to describe it quantitatively. Here, we describe the cap-like shape with two statistical features: the mean and variance. In the following, we
will describe them in detail.
For each point, P, we can obtain its neighboring set,
NB(P), and corresponding EE set, EE(P)
NBðP Þ ¼ fp1 ; p2 ; . . . ; pn g;

ð3Þ

EEðP Þ ¼ fd 1 ; d 2 ; . . . ; d n g.

ð4Þ

Then, the mean and variance of the EE set are calculated;
that is,
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n
1X
d i;
n i¼1
n
1X
2
r2 ¼
ðd i  lÞ ;
n i¼1

ð5Þ

l¼

ð6Þ

where n is the number of neighbors and di is the eﬀective
energy of the ith neighbor.
Each point may be characterized by one feature vector
of two components: the mean and variance. Thus, each
point is transformed into a 2D space parameterized by
the mean and variance. Commonly, the nose tip is the most
distinct protuberance on the facial surface. The mean of its
neighbors’ EE is negatively smaller and the variance is positively larger than that of any other facial area. Thus, the
point around the nose tip distributes within a certain scope
in a mean–variance domain. Due to the similar shapes of
human noses, the points near the nose tips of diﬀerent people also congregate tightly. Thus, it is expected that we can
ﬁnd a classiﬁer to identify the nose tip.
We can use the classic method of Support Vector
Machine (SVM) (Burges, 1998; Joachims, 1999) to identity
the boundary between the nose tip and other points in the
mean–variance space. All the points are classiﬁed into two
categories: nose tip points and non-nose tip points. To
learn this boundary, one training set is required. In the
training set, each sample is described with one vector,
(xi, yi), i = 1, 2, . . . , l, where xi 2 R2 is the feature vector
ðli ; r2i Þ, and yi 2 {1, 1} denotes two classes.
The non-linear optimal boundary can be considered as
w  UðxÞ  b ¼ 0;

ð7Þ

where
U(x) is one non-linear transformation and w ¼
P
a
y
Uðx
i
i Þ. We can ﬁnd this optimal boundary to distini
i
guish these two classes by minimizing the following energy
function:
QðaÞ ¼

l
X
i¼1

ai 

l
1X
ai aj y i y j Kðxi  xj Þ;
2 i;j¼1

ð8Þ

where K(xi Æ xj) = U(xi) Æ U(xj) is the kernel of the SVM
classiﬁer. For a testing vector, x, we can use the following
discriminant for classifying:
!
l
X


ai y i Kðxi ; xÞ þ b ;
f ðxÞ ¼ sgnðw  UðxÞ  bÞ ¼ sgn
i¼1

ð9Þ
a*

b*

is obtained by minimizing Eq. (8), and
is calwhere
culated by using any sample (xi, yi) according to Eq. (7).
l is the number
of support vectors. In our work,

Kðxi  xj Þ ¼ exp 

jxi xj j2
r2

and r2 = 14.

We thus obtain another rule:
Rule 2. To a point, P, in the point cloud, NB(P) is its
neighboring set, EE(P) is the corresponding EE set, and u
and r2 are the mean and variance of EE(P). Then, P is the
nose tip candidate only if f(x) > 0 in Eq. (9).
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It is noted that this rule is still weak. Due to the complexity of the scanned surface, especially the crinkles of
the clothing, some points in other areas could also be
viewed as the nose tip (see Fig. 2). Fortunately, they are
commonly too sparse and can be ignored.
This kind of feature characterizes the local statistical
property. Thus, it is robust to data noise and multi-resolution. The feature consists of a scalar quantity, and thus it is
also robust to rotation and translation.
2.3. The hierarchical ﬁltering scheme
By combining the above two rules, we develop a hierarchical ﬁltering scheme to locate the nose tip robustly. The
whole implementation process includes three phases as
illustrated in Fig. 3.
In Phase 1, Rule 1 is used to select nose tip candidates.
Since this rule is very weak, some points are wrongly classiﬁed, i.e., some points in non-nose tip areas are classiﬁed
as nose tip candidates and some near the nose tip are clas-

siﬁed as non-nose tip candidates. The results are illustrated
in the upper-left image of Fig. 3. Even so, this rule can
largely reduce the searching region. In the next phase, we
further select the nose tip candidates.
In Phase 1, the largest computational load focuses
on ﬁnding the neighboring points for one given point.
Usually, we use a local sphere centered at the given point
to enclose the neighboring points. If the facial data
consist of n points, the computational cost will be O(n2)
distance calculations for all points. We can use an alternative method to accelerate this process in a triangulated
point cloud, where there is a table recording the index
of the triangle vertices. Thus, we can construct an indexed
table beforehand, in which each row records one point’s
neighboring points connected with one edge. To generate
this table requires only O(m) comparison calculations,
where m is the number of triangles. After this table is generated, one point’s neighbors can be substituted by the
points recorded in the corresponding row in the indexed
table.

Fig. 2. The ﬁltering result using Rule 2. The blue points in the left image are nose tip candidates by Rule 2 and the right image shows the projection of all
the points in the mean–variance space. (For interpretation of the references in colour in this ﬁgure caption, the reader is referred to the web version of this
article.)

Fig. 3. The process for detecting the nose tip. The left three images show the results of the three phases. The blue points are nose tip candidates and the
black point in the bottom image is the detected nose tip. (For interpretation of the references in colour in this ﬁgure caption, the reader is referred to the
web version of this article.)
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In Phase 2, we only consider the obtained candidates in
Phase 1. We can ﬁnd each candidate’s neighboring points
within a given sphere. The statistical feature vector,
x = (l, r2), is calculated using Eqs. (5) and (6). Then, we
can further select the candidates of the nose tip by Rule
2. In this phase, we may not use the above accelerated
processing since the number of selected candidates is
much fewer than that of the original data.
In fact, Rule 2 is still weak, and we cannot strictly identify the nose tip. However, there are much more candidates
near the nose tip as illustrated in Fig. 2. In Phase 3, we can
consider that the position having the most dense candidates
is the nose tip. For each candidate, Qi, we can count the
number of the candidates within a local sphere centered
at Qi. Then, three points with the highest number of
candidates are selected, and the mean of their positions is
considered as the nose tip.
In Phase 1, the neighboring area can be small in order to
lower the computational cost; and in Phase 2, the neighboring area should be larger to conquer the inﬂuence of noise.
This proposed method for nose tip location only deals with
scalar features so that it is immune to geometric transformation. Also, the features are the statistics of the local
points that provide a robust way to conquer noise and different resolutions.
3. Nose ridge detection
After identifying the nose tip position, we use the
Included Angle Curve (IAC) to determine the nose ridge.
It makes sense to estimate the head pose.
First, the Included Angle Curve (IAC) is described in
the following. For the detected nose tip, P, we place two
spheres with radius R and r(R > r), centered at P as shown
in Fig. 4. The intersection of two spheres and the facial surface generates a torus in 3D space. We deﬁne a reference
plane, G, by the normal vector, N, of the nose tip and a
reference vector, C, orthogonal to N. A plane, Q, rotates
along the axis, N, beginning from G with a ﬁxed step,
Dh. Thus, the rotated plane, Q, divides the torus into
360/Dh partitions. We obtain the barycenter, Bi, of ith partition by averaging the points within it and then calculate
the included angle between Bi  P and N. We can use
one curve to describe the variation of these included angles,
which is called the Included Angle Curve (IAC).
N

Rotated plane
Q

r
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Fig. 5. The Included Angle Curve.

Since P is the local highest point according to our hierarchical ﬁltering scheme, all its included angles are larger
than 90. The area near the nose ridge has the smallest
included angle as shown in Fig. 5, which can be used to
determine the approximate direction of the nose ridge.
This algorithm is similar to point signatures (Chua and
Jarvis, 1997). The main diﬀerence is that our method does
not acquire a plane ﬁt to the local points. It largely reduces
the computational cost. In our algorithm, the radius R and
r are the principle parameter for a successful implementation. Appropriate values can avoid the inﬂuence of the
nosewing and make the nose ridge stand out. They may
be diﬀerent in diﬀerent databases. In a database in which
the data have the real size, the results are satisfactory when
R = 25 mm and r = 20 mm. In a database in which the
data are zoomed in or out, the results are satisfactory when
r is set to the distance between two inner eye corners and R
is 0.25 times larger than r. The data in a database usually
have the same scale. Thus, R and r should be preset manually. Dh is another important parameter. The smaller it
is, the smoother the IAC is, and the precision of estimating
the nose ridge is higher. However, if Dh is too small, some
partitions will include no points. In this paper, we set
Dh = 15.
In addition, the original point cloud from the laser
scanner usually contains holes, which result in no points
in some partitions. During implementation, we can ignore
these partitions since the nose ridge usually has enough
data due to its distinct protrusion.
4. Experimental results

R
P

Reference plane

Δθ

4.1. Databases

G
C
Fig. 4. Partition of the torus.

We use three diﬀerent databases to test our proposed
algorithm. The ﬁrst database (3D Pose and Expression
Face Models, 3DPEF) is collected using a Minolta VIVID
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From Fig. 6, we can see that the positive samples congregate tightly. This means that human noses have a similar statistical shape. The negative samples are distributed in
a large space. We also see that the decision boundary does
not strictly distinguish the two classes, but it can eﬀectively
select the candidates of the nose tip.
4.3. Nose tip location

Fig. 6. The training result of SVM.

900 working on Fast Mode. This data set contains 300 3D
point clouds from 30 persons (six are women), and each
person has 10 point clouds, including ﬁve poses (front, tilting up or down, and rotating left or right) and ﬁve expressions (smile, laugh, anger, surprise and eyes closed). This
set is used to train SVM classiﬁers and test the robustness
of our method. The second database (MPI)1 is from MPI
in Saarbrücken. Unfortunately, we obtained only ﬁve 3D
head models from them. These models are used to test
the performance with high-resolution data. The third data
set (PART) is from the 3D Part Database2 of the IRIS
Laboratory at the University of Tennessee, Knoxville. It
is used to test the performance under diﬀerent resolutions.
In advance, all the point clouds are triangularized and the
normals of all the points are also calculated.
4.2. Training for SVM
During the training process, we select 20 samples from
two persons (one man and one woman) from 3DPEF as
the training set. Due to the limitation of the capturing
equipment and also the variations in pose and expression,
the data contain some holes and outliers. To ensure that
the positive samples in the training set can describe the correct shape of the nose tip, we ﬁrst ﬁll the holes and remove
the outliers manually. We select the points around the nose
tip in the 20 training point clouds and record their means
and variances as positive samples. The negative samples
can be arbitrarily obtained from any other area from the
original point clouds. Finally, we obtain 325 positive
samples and 3178 negative samples for training the SVM
classiﬁer. By using the algorithm in Section 2.2, we can
determine one optimal boundary. Fig. 6 shows the training
results.

1
2

http://faces.kyb.tuebingen.mpg.de
http://iristown.engr.utk.edu/%7Epage/database

During the testing process, we ﬁrst locate the nose tip in
the 3DPEF database. The total number of tested samples
in 3DPEF is 280 of 28 persons, excluding the training
samples (20 samples of two persons) for SVM. Under the
complex condition of pose and expression variations, the
unwanted inﬂuence of clothes, and holes and outliers, only
two samples fail and the correct detection rate is up to
99.3%. Fig. 7 shows some detected results.
The ﬁrst row in Fig. 7 shows pose variations; the second
shows expression variations. In Fig. 7(c) and (d), the nose
tip is not the highest point due to up or down motion. Our
method can detect the nose tip successfully. In Fig. 7(b),
(c) and (g) the sampled data contain some clothing. In
Fig. 7(g), there is much noise generated due to long hair.
Fortunately, our method can overcome these challenges
eﬀectively. Intuitively, the jaw and the protruding throat
in men have similar statistical features to the nose. Our
proposed scheme can distinguish the nose tip from these
features eﬀectively.
The samples that are falsely detected are aﬀected by
clothing. When the clothing is deformed into a certain
shape, it may have similar statistical features to the nose,
which induces incorrect detection. Fig. 7(h) shows one
example. Here, the neckline also collects more candidates,
which creates a puzzle on the nose tip position.
The MPI set1 includes high quality 3D data, which have
dense points (more than 70,000 vertices, 150,000 triangles)
and smooth surfaces. Our proposed method can correctly
locate the nose tip and nose ridge as shown in Fig. 8. However, due to too many local highest points, it is diﬃcult to
reduce the number of candidates, thus resulting in a large
computational load. In fact, we can ﬁrst reduce the number
of vertices in the model by mesh optimization (Hoppe
et al., 1993) and then locate the nose.
Finally, we also test our algorithm with the PART data
set,2 which provides three complete 3D head models of a
status as shown in Fig. 9. In these models, the search space
is the whole head surface, and the models lie horizontally
in three-dimensional space. The nose tip can be located
successfully in diﬀerent resolutions. Unfortunately, in
Fig. 9a, the points are too sparse and the nose ridge is
not marked correctly.
4.4. Discussion
Nose detection is usually a preliminary phase of a larger
task. It requires a reasonably low computational cost. The
computational cost of our scheme for detecting the nose tip
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Fig. 7. Results from 3DPEF. The black point is the detected nose tip.

Fig. 8. Results from the MPI set. The black line connecting to the black
point is the detected nose ridge.

Fig. 10. Consumed time at diﬀerent resolutions.

Fig. 9. Results from the PART set. (a) 502 vertices; (b) 2502 vertices;
(c) 40,071 vertices.

strongly depends on the number of points. Fig. 10 shows
the consumed time for nose tip detection in one sample
with diﬀerent numbers of points in 3DPEF set. We can
see that the consumed time increases quickly with an
increase in the number of points. Fortunately, three thousand points are usually enough to describe facial details.
It takes only 0.4 s to locate the nose tip in this kind of data.
This experiment was executed on a PC with a PIV 1.3 GHz
processor, 128M RAM and a Nvidia Getforce2 MX 100/
200 display card.

We usually consider the nose tip as a region, not an
exact point. In our scheme, the area containing the densest
candidates in the ﬁnal step shows the scope of the nose tip.
In order to represent it simply, we still give one point to
indicate the nose tip. It should be noted that the detected
nose tips in the diﬀerent point clouds are not exactly in
the same physical position. However, it is enough to initialize the clouds for subsequent work, such as registration or
locating other facial features.
Both local features based on the eﬀective energy are
independent of the rotation and transformation. Thus,
our algorithm for nose tip location is robust to pose
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variations. Moreover, using statistical features (the mean
and variance in this paper) is an eﬃcient way to overcome
resolution variations and noise. Due to the weak classiﬁcation, neither of these features exactly represents the
characteristics of the nose tip. So, it is necessary to build
a hierarchical ﬁltering scheme to make the ﬁnal choice.
5. Conclusions
In this paper, we have proposed a novel hierarchical ﬁltering scheme combining two local features to locate the
nose tip in 3D facial data. Then, the Included Angle Curve
(IAC) is deﬁned to estimate the nose ridge. The proposed
method is robust to noisy and incomplete input data,
invariant to rotation and translation and suitable to multiple resolutions. The experimental results with diﬀerent
databases have shown its excellent performance. In the
future, we will locate other features based on the detected
nose, and it will also be necessary to consider other statistical features for detection.
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