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ABSTRACT

The problem of detecting the feature points arises in many
fields of science and engineering. In this paper, we focus on
the 3D face range data and propose a robust scheme to solve
a specific problem, i.e. locating the nose tip and nose ridge
using the local statistic features and included angle curve.
This work is very significant to 3D face modelling, recog-
nition and registration. The key features of our method are
the fully automated processing, the ability to deal with noisy
and incomplete input data, the immunity to the rotation and
translation and the adaptability to the different resolution.
The experimental results in different databases fully show
the robust and feasibility of the proposed method.
keyword: nose detection, local statistic features, included
angle curve, SVM

1. INTRODUCTION

With the development of the 3D capture, 3D data is
widely applied in many fields, such as face modelling, ani-
mation and recognition. Almost all the applications depend
on the robust feature point location. In 3D facial data, the
nose holds the most distinct feature. Many other features,
such as eye corners and mouth corners, are positioned ac-
cording to the nose. This paper focuses on this specific task
and develops a robust method to position the nose.

Most existing methods [1, 2, 3, 4] for the nose detection
are usually based on the assumption that the nose tip is the
highest point in the range data. This assumption can largely
reduce the complexity of detection. But due to the noise and
rotation of the subject, the assumption does not always hold.
Gordon [5, 6] used the curvature information to detect the
nose. Their methods are suitable to the clean 3D data and
would not work in the case that there are holes around the
nose. The data from laser scanners usually contains much
noise and holes around eyes, opening mouth, hair, clothes
and so on. To our best knowledge, there seems no robust
work on nose detection by now.

Here, we propose a new algorithm to locate the nose.
The nose tip is first positioned based on local statistic fea-
tures, and then nose ridge is marked using included an-
gle curve. Our proposed method is immune to the rotation
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Fig. 1. Effective energy of the neighbors

and translation, holes and outliers, and suitable to multi-
resolution data.

The remainder of the paper is organized as follows. Sec-
tion 2 describes the details of nose tip detection. The nose
ridge detection using included angle curve is presented in
Section 3. Section 4 shows the experimental results in dif-
ferent databases, and Section 5 concludes the whole paper.

2. NOSE TIP DETECTION

To locate the nose tip reliably, we must find its unique
features. Here, we consider two properties: the nose tip is
the local highest point and it has the special shape, like the
peaked cap.

2.1. Local highest point

To each point, we can find its neighboring points within
a given sphere with a radius r centered at this point. As
shown in Fig.1, for the point P, its 3-D coordinates and
the unit normal Np is known. The point P; is one of its
neighbors. We can define the Effective Energy (EE) d; for
each neighboring point with the inner product of the vectors
P; — P and Np:

d; = (P;—P)-Np = |P; — P|| cosf )]

If P is the local protuberant point, i.e. the highest point
along Np, 0 is always bigger than 90 degree, thus d; al-
ways being negative. This condition is very weak and many
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points lying in other areas, such as cheek, chin and so on,
also meet this condition. But it may effectively reduce the
searching space.

2.2. Local statistic features

Intuitively, the nose has the special shape, and we hope
to describe it with scalar features to avoid the influence of
transformation. Many statistics, such as mean, variance and
moments, are available. To each point, we can obtain its
statistic features from its neighboring area, and then the
classic algorithm, Support Vector Machine(SVM) [7], is ap-
plied for learning and classifying.

Here, we only consider a 2D feature vector consisting
of mean and variance of the effective energy of neighbors
respectively:
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Intuitively, since the nose tip is the distinct protuberance
in the local area, the mean is smaller and the variance is
larger. Due to the similar shape of human nose, the mean
and variance of the points lying around the nose tip are
surely in a certain scope. We can use SVM [7] to learn the
boundary between the nose tip and other areas.

All the points are classified into two categories: nose-
tip point and non-nose-tip point. Each training vector is de-
scribed with (z;,v;),4 = 1,2,--- 1, where x; € R? is the
2D feature vector (u;,0?), and y; € {—1,1} denotes the
two classes. We can find an optimal hyperplane to distin-
guish these two classes by minimizing the following energy
function:
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where K (z; - z;) = exp( ) is the kernel of the
SVM classifier.
For a testing vector, x, we can use the following dis-

criminant for classifying:

!
f(@) = sgn(}y_ ajyiK (xi, @) +b%) )
i=1

where a* and b* are obtained by minimizing Eq.4.

Due to the complexity of the facial surface, especially
the deformable cloth, some points in other areas can also be
viewed as the nose tip. Fortunately, they are too sparse to
be ignored.

Fig. 2. Process for detecting nose tip. (a)The original point
cloud; (b,c)The candidates after the first and second filer;
(d)The candidates after SVM selection; (e)Nose tip.

2.3. Strategy for efficient implementation

Our process for detecting the nose tip includes three
steps: candidate filter, SVM selection and nose tip decision.

For a given point, finding its neighboring points in 3D
space has a large computational load, usually O(n?). We
can use an alternative method to accelerate this process.

We first triangularize the point cloud by Delaunay algo-
rithm. For a point P, it is easy to find its direct neighbors,
which connect P with one edge. Then, we can determine
that P is one candidate of the nose tip only if the effec-
tive energy of any neighbor is negative. In Fig.2b, the blue
points are the candidates.

In Fig.2b, there are still too many candidates. To each
candidate, we can use its indirect neighboring points (neigh-
bor’s neighbors) to filter the candidates further. Fig.2c shows
the filtered results. Thus, we can obtain the fewer candidates
by repetitive filtering. The times of the filtering depend on
the density of the point cloud. Finally, we remain no more
than 100 candidate points.

To each candidate, we can find its neighboring points
within a given sphere. The statistic feature vector, x =
(i, 02), is calculated using Eq.2 and 3. We can further se-
lect the candidates of the nose tip by SVM selection Eq.5.
The result is shown in Fig.2d.

In fact, our classifier is fairly weak, and can not recog-
nize the nose tip strictly. However, By SVM selection, there
are more dense candidates nearby the nose tip. We can con-
sider that the position having the most dense candidates is
the nose tip as shown in Fig.2e.

3. NOSE RIDGE DETECTION

After the position of the nose tip is estimated, we use
included angle curve to determine the nose ridge.

For the detected nose tip P, we place two spheres with
radius R and r, centered at P as shown in Fig.3. The inter-
section of two spheres and the object surface is a 3D space
torus. We define a reference plane GG by the normal vector
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Fig. 3. Partition of the torus.
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Fig. 4. Included angle curve of the nose tip

N and a reference vector C that is orthogonal to N. A ro-
tated plane () rotates along the axis N beginning from G
with a fixed step Af and partitions the torus into 360/A0
parts. We obtain the barycenter B; for ¢th part by mean-
ing points within it and then calculate the included angle
between the vector B; — P and N. Since P is the local
highest point, all its included angles are larger than 90 de-
gree. The area near the nose ridge has the smallest included
angle as shown in Fig.4, which can be used to decide the
approximate direction of the nose ridge.

This algorithm is similar to point signatures [8]. The
main difference is that our method does not acquire a plane
fit to the local points. Here, the radius R and r is the princi-
ple parameter for the successful implementation. Appropri-
ate value can avoid the influence of the nosewing and makes
the nose ridge standing out. From our experiments in dif-
ferent databases, the results are satisfying in the case that
R = 25mm and r = 20mm.

4. EXPERIMENTS

To test the performance of the proposed algorithm, we
implement it with different databases. All the experiments
are executed in the PC with PIV 1.3GHz processor, 128M
RAM and the display card Nvidia Getforce2 MX 100/200.

4.1. Databases

We use three different databases to test our proposed al-
gorithm. The first database (3D Pose and Expresion Face
Models, 3DPEF) is sampled using Minolta VIVID 910 work-
ing on Fast Mode. This data set contains 30 persons (6
women), and each person includes five poses and five ex-
pressions. This set is mainly used to train SVM classifier
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Fig. 5. The training result of SVM

and test the robust of our method. The second database
(MPI) [9] is from MPI in Saarbriicken. We can only obtain
five 3D head models from them. These models are used to
test the performance in the high-dense data. The third data
set (PART) is from 3D Part Database [10] of IRIS Labora-
tory at the University of Tennessee, Knoxville. It is used
to test the performance under the different resolution. In
advance, all the point clouds are triangularized and the nor-
mals of all the points are also calculated.

4.2. Training for SVM

During the training process, we select the samples of
two persons (one man and one woman) in 3DPEF as the
training set. Due to pose and expression variations, there
exist some holes around the nose. To ensure that the positive
samples can describe the correct shape of the nose tip, we
first fill the holes manually. We select the points around the
nose tip in the training point clouds and record their mean
and variance as the positive samples. The negative samples
can be obtained at any other area from the original point
cloud. Finally, we obtain 325 positive samples and 3178
negative samples to train SVM classifier. We use RBF fuc-
tion (¢ = 100,02 = 14) as the kernel. Fig.5 shows the
training result.

From Fig.5, we can see that the positive samples con-
gregate tightly, which shows that the human nose has the
similar statistic shape. The negative samples distribute in a
big 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. Detecting results

We first test our algorithm in our database. The total
number of test samples is 280, not including the training
samples for SVM. To each test sample, we detect the nose
tip in the way of Section 2.3. Under the complex condition
of pose and expression variations, the influence of clothes,
and holes and noise, only two samples are falsely detected.
Fig.6 shows some results.

In Fig.6, the first row is on pose variation, the second
is on expression variation, and (d,f,g) are of two girls. In
Fig.6(c,d), the nose tip is not the highest point due to up
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Fig. 6. Results in 3DPEF. The black point in each image is
the detected nose tip.
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Fig. 7. Results in MPI set. The black line connecting to the
black point is the detected nose ridge.

or down motion. Our method can detect the nose tip suc-
cessfully. In Fig.6(b,c,g), the data contains parts of clothes,
and especially in Fig.6g, there is much noise due to the dis-
turbance of long hair. Fortunately, our method can conquer
them effectively.

Both falsely detected samples are affected by clothes.
When clothes are deformed into a certain shape, they have
the similar statistic feature to the nose, which induces the
incorrect detection. Fig.6h shows one example, in which
the neckline also collects more dense candidates.

Intuitively, the jaw and the protrudent throat of the man
have the similar statistic feature to the nose. Our proposed
scheme can distinguish the nose tip from them effectively.

MPI set [9] has the high quality point clouds, which
have dense points (more than 70,000 vertices, 150,000 tri-
angles) and smooth surface. Our proposed method can cor-
rectly locate the nose tip and nose ridge as shown in Fig.7.
However, due to too many local highest points, it is difficult
to reduce the candidates, thus resulting in a large computa-
tional load. In fact, we can first reduce the vertices of the
model by mesh optimization, and then locate the nose.

We also test our algorithm with PART set [10], which
provides three complete 3D head models of a status as shown
in Fig.8. In these models, the searching space is the whole
head surface, and they are not vertical. The nose tip can
be located successfully in the different resolution. Unfortu-
nately, in Fig.8a, the points are too sparse, the nose ridge is
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Fig. 8. Results in PART set. (a)502 vertices; (b)2502 ver-
tices; (c)40071 vertices

not marked correctly.

In our proposed algorithm, nose tip detection occupies
most computational cost, strongly depending on the number
of points. It takes only 0.4s to locate the nose tip in the point
cloud with three thousand points.

5. CONCLUSIONS

In this paper, we propose a new scheme to locate the
nose tip and nose ridge in 3D facial data using the local
statistic features and included angle curve. The proposed
method is fully automated, robust to noisy and incomplete
input data, immune to the rotation and translation and suit-
able to the different resolution. The experimental results
fully show the excellent performance of our method. In the
future, we will locate the other features based on the posi-
tion of the nose, and it is also necessary to consider other
statistic schemes for detection.
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